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Abstract
Print quality control has always been of high impportance. The printing process is prone to
many different deffects such as color variation, print misregister, missing or broken text and ink
smears. Therefore, printing inspection is a relevant tool to advertisers and packaging printers for
improving the color quality and productivity of printing.
The traditional imaging system are often insufficient. Therefore, spectralcolor reproduction
based on multispectral imaging has become a field of much interest in this field. The multispectral
methods give higher color accuracy and could be treated as a remedy for many issues in printing
inspection. In order to take full advantage of mentioned system and improve performance of
print quality inspection, machine learning approach could be applied.
The spectral estimation approaches based on machine learning require the usage of a training
set. The use of standard charts containing a fixed number of color samples is the most widely
used method of obtaining samples for training set.
Depending on application and selected machine learning method, spectral properties of used
samples and size of the training data varies. The proper choice of the standard chart and number
of samples to include in training set is known to affect the final reflectance estimation perfor-
mance.
In this paper, a novel idea for generation of a large number of samples used for training set
achieved by using available methods modelling realistic ink reflectance is presented.
Next, a novel training set selection based on k-means clustering which allows to reduce com-
putational time and improves reflectance estimation performance is proposed. The effectiveness
of the proposed method is confirmed by experimental results.
Key words: Printer Modelling, Reflectance Estimation, Training Set Selection, Print In-
spection, k-means Clustering.
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1 Introduction
Printing is a quite complex process influenced by a great quantity of factors at the same time.
Without an effective printing inspection and process management system, print quality can be
affected by many defects. To overcome problems such as color variation, print and die misreg-
ister, missing, filled-in or broken text and ink spots or smears, monitoring systems dynamically
adjusting the printing process are employed by printer manufacturers.
For many years the accuracy of printing processes and the fidelity of color proofs was done
exclusively by visual evaluation by an expert. Even today both visual evaluation by experst and
the spectrophotometers, which are accurate, are used quite widely. However bothmethods can be
used only in an off-line manner. This procedure minimized productivity by stopping and starting
the whole printing process. Additionally, after a number of prints runs, colors are liable to change.
The main reason can be found in changes of the amount of ink deposited at any particular time,
and color formulation of the printing process. Thus, even initial, well adjusted print may cause
colors to be reproduced inaccurately after a longer run of printing process. Therefore, individual
samples must be analyzed continuously during every roll in order to identify and eliminate print
defects quickly and efficiently, resulting in reduction in material waste and optimization of the
final quality.
Because the quality control has always been impportant in the printing industry. However,
now it can be automated, thus on-press inspection should be a boon to advertisers and packaging
printers for improving the color quality and productivity of printing.
Nowadays, some systems providing print quality verification using line cameras, are available
on the market. Therefore, color reproduction based on multispectral imaging has become a field
of much interest and practical importance in recent years. The traditional imaging systems take
advantage of the human visual system which is trichromatic. The traditional printing systems
are also trichromatic, where all colors are produced from the mixture of three primary inks
Cyan (C), Magenta (M) and Yellow (Y). When printed reproduction from this system is viewed
under different lighting conditions the color reproduction based on three-color reproductions
systems are often insufficient. This is caused by recording and reproducing a wide range of print
stimuli using just three channels of information. Therefore, multispectral imaging field is growing
rapidly and offers greatly improve in coverage of the full spectral color information of an object.
Multispectral systems are more complex than traditional system. The most popular multi-
spectral cameras are RGB sensors with different broad-band color filters in front of them. By the
mechanical change of filter after taking shot (the same number of shots as filters), the increment
of the number of channels is occured ([1]). The multispectral color reproduction could be treated
as a remedy for many issues in printing inspection, including problems such as metamerism and
fidelity of color. Metamerism is a phenomenon in which two objects having different spectral
color signal match in color under one illumination.
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In multispectral color reproduction approach, acquisition of spectral information from a sur-
face under a given illuminant is obtained from the responses of all sensors ([2]). This method
gives higher color accuracy, and due to it allows us to reproduce color images under various
illuminants.
The spectral reflectance can be accurately estimated by mapping sensor’s responses into spec-
tral reflectance space by incorporating training data. Depending on the selected machine learning
method the size of training set is of different importance. Considering that for some algorithms
workload is heavy and they require large computational time, because of that smaller number of
training samples are desired ([3]). On the other hand, some applications require a larger training
set in order to obtain accurate results.
Among the methods used for spectral reflectance estimation, the pseudoinverse is one of
the most popular, and because of its simplicity, and easy implementation this method could be
appropriate solution for in-line applications ([4, 5]). The pseudoinverse method needs only the
spectral reflectance and the corresponding sensor responses of training samples. This methods
does not require parameterization, nor optimization, nor regularization to control the fitting,
thus is more applicable. This algorithm computes a conversion matrix between camera responses
and spectral data. The conversion matrix is bult by using the training set reflectances and sensor
responses. Mapping between the camera responses and reflectance values in this method is done
by using regression analysis. In pseudoinverse method an estimation function is build for each
sampled wavelengths separately. This has strong influence on generalization performance, which
will be reduced when the training set is small ([6]).
The spectral estimation can be computed by using the training camera responses and train-
ing reflectances coming from the standard color charts. According to the literature the optimum
training data can be selected from the set of all color samples on standard and custom-made
charts ([3], [2], [7]). Commonly used charts are the GretagMacbeth ColorChecker, the Gretag-
Macbeth ColorChecker DC, and the European Color Initiative charts ([7]). The number and spec-
tral reflectance of color patches are different for each standard chart. In addition, the selection
of the optimal type of standard chart requires measuring all patches, which is time consuming.
Commonly used set for training spectral estimation alorithms is the Munsell set (set of chips
containing 1269 surfaces) ([8]),([9]).
In both cases the number of total set is limited and both applications were designed for other
purpose than the spectral reflectance estimation task, thus this motivated us to propose our ap-
proach.
Contribution
The thesis contributes to the research field of optimal selection of representative colors for
spectral reflectance estimation, used in improving the quality and productivity of printing, where
the spectral estimation is a tool used in print inspection. This work investigates the general prob-
lem of four-ink printer characterization using custom inks in any combination and the task of
optimal training set selection from a huge set of spectral data generated by the printer character-
ization model. It is part of the larger research project related to the spectral estimation of printer
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inks at the Color Imaging Lab of the University of Granada in cooporation with Chromasens
company (Konstanz, Germany).
The main goals of this project can be described as follows:
• Generating a set of realistic spectral samples which correspond to printable colors
• Assessment of printing model accuracy
• Optimal training set selection of representative colors for spectral reflectance reconstruction
in a multispectral imaging system
• Spectral reflectance estimation and assessment of the developed training set selection method
The authors contribution related to this work are following: proposal of a novel idea for gen-
eration of a large number of samples used for training set selection achieved by using available
methods for modelling realistic ink reflectance. Recent methods taking into account the phenom-
ena determining interaction between paper, light and halftone print are described and the most
applicable are selected and compared. Also work on the development of a target chart used for
thef selected printing models is included. Related to the chart design the author has identified
sources of error in printing process and in measurements of color patches. The author also in-
troduces a proposal for a general enhancement for model’s spectral input by taking into account
previously identified errors. Apart from that, a novel training set selection based on k-means
clustering which allows to reduce computational time and improves reflectance estimation per-
formance is proposed.
Outline
This paper is structured as follows: The next section of this chapter presents the challenges
of this thesis and reviews the state of the art of printer characterization and optimal color se-
lection. Chapter 2 introduces the reader to relevant background materials and accumulates all
information that is necessary to get a sufficient understanding of the presented work. In Chapter
3 the experimental methods and a discussion of the experimental procedure used in this work
are described in detail. Also some results and assessment of the outcome of this work are in-
cluded. Finally, chapters 4 and 5 summarize the most important results and propose tasks for
future research.
1.1 Problem Statement
It was mentioned earlier, that every day the importance of continuous monitoring of print quality
increases. Identifying print defects such as shown in Figure(1) and eliminating them quickly
and efficiently allows manufacturers to run printing process at the highest possible press speed,
simultaneously keeping the final quality at the same high level ([10]). Additionally, due to the
process management system reduction in material waste can be highly noticeable, because whole
process can be stopped immediately after identification of any print defect. Such approach can
guarantee fidelity of color from roll to roll and job to job without unnecessary stopping and
starting the whole printing process.
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Figure 1: Samples of print defects
An example of the total quality process management system is shown in Figure (2). In the first
step, the prepress procedure including the creation of a high-quality print file and manufacture
of a printing plate is prepared. Next, the desired file is printed, while the color monitoring option
performs inline comparison of previously stored standard ink coverage with the live color. When
changes in actual print exceed the tolerance range, the system triggers an alarm and stops the
whole process. In addition, a quality process management system can record defect images,
locations and settings in order to find and correct them more quickly ([11], [12]).
Figure 2: The process management system
The most important part in the whole quality process management is connected with image
capturing. As mentioned before, the traditional imaging based on three-color reproductions sys-
tems is often insufficient and prone to errors associated with metamerism. Therefore, automatic
print monitoring is greatly improved by the use of the multispectral imaging approach allowing
to capture images with higher color accuracy in the real time.
Figure 3: Line inspection camera ([13])
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In some applications, linescan cameras scanning a wide field of view are used ([13]). Figure
(3) shows an example of the system using four RGB linescan cameras, mounted in a linear fash-
ion and monitoring color printing process in real time. The usage of bandpass filters in front of
three of the lenses allows 12 channels of image data to be captured simultaneously. By using this
solution color fidelity is monitored more accurate than with a traditional imaging system based
on three RGB channels.
In order to take full advantage of the mentioned system and improve performance of print
quality inspection, machine learning approach is widely applied. The spectral reflectance of
printed ink samples is estimated by mapping sensor’s responses into spectral reflectance space.
The general problem investigated in this work is related with improving the performance of the
system used in print quality inspection.
Because all machine learning methods require a training set and the importance of the size
of the training set depends on the method selected, this thesis is consisted of two main parts.
The first challenge is related to the generation of realistic samples used for training set. Pre-
vious studies have never tackled the synthesis of printed ink samples based on printer charac-
terizaiton models for the purpose of building a large set from where to extract relevant training
set samples. The new global set should consist of a large number of printable, therefore realistic
colors. In addition, it should be obtained fast and without unnecessary measurements, which are
time consuming.
The second problem refers to the development of an optimal training set selection scheme
for spectral reflectance estimation in a multispectral imaging system used in print inspection
applications. Such large amount of color samples might make reconstruction slower, and the
modelled reflectances might be partially redundant, therefore reducing number of samples and
improvement of reflectance estimation is investigated as part of this thesis.
1.2 State of Art
Corresponding to the two main challenges tackled by this Master Thesis, the present state of the
art refers to the printer characterization and optimal training sample color selection respectively.
More details of some of contents presented in this part are given in the next chapter.
The proposal for prediction of an output density from input dot area is published by Murray
et al. ([14]). The main assumption is that the substrate and the ink are of uniform color, and
spectral reflectance is predicted from the fractional dot area of the single ink and the spectral
reflectances of the paper and used ink. The main limitation of model was related to the lacking
of inclusion of the actual colorant coverage, resulting in inaccurate area coverage estimation.
ThemonochromeMurray-Davis model was extended to the theoretical model of color halftone
printing by H.E.J Neugebauer ([15]). Multiple colorants are considered, while his model assumes
that the paper color, the color of each ink printed on paper alone, and the the spectral reflectance
of each overprinted combination of inks are known. The Neugebauer equations state that a small
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area seen from a distance can be predicted by weighted averaging of the reflectances of the print-
ing primaries.
Until 1951, The accuracy of the mentioned models was limited by light scattering within
the paper ([16]). Therefore, many methods have arised for improving the original Neugebauer
proposal ([17]). The work of Yule and Nielsen ([18]), and Yule and Colt([19]), models this
phenomenon by an additional parameter in the Neugebauer equations. Heuberger et al. ([20])
developed another approach called the cellular Neugebauer model, which increases the qual-
ity of the results by adding more primaries to the grid used for computing the weights of the
sample in each combination. Because of insufficient knowledge of the correct value of Yule and
Nielsen’s parameter, accuracy and the acceptance of these models were limited. Balasubramanian
et al.([21]) proposed another useful extension of the cellular Neugebauer model incorporating
the addition of the Yule-Nielsen factor and so in the end acoounting for the light scattering within
the paper and the dot gain effect.
The Clapper-Yule model ([22]), introduced in 1953 based on the Yule-Nielsen equations and
tries to introduce some information related to parameters describing the physical phenomena
of light-paper interaction and the muliple internal reflections occurring at the interface between
print and air. Recently, Hersh et al. ([23]) proposed an improvement for both Clapper Yule and
Yule Nielsen models, accounting for the ink spreading phenomenon, where ink spreading func-
tions account for the dot gain of each ink halftone printed in all possible combinations, consid-
ering a certain order for the superposition of different inks of a CMY printer. The model was
extended to CMYK printers, and an ink spreading black directive improving final performance
was proposed by Bugnon et al. ([24],[25]).
In the vast literature about training set selection, the articles in which the author found men-
tion of the global optimal selection of representative colors for spectral reflectance reconstruction
in a multispectral imaging system were work by Shen et al. ([3]) and by Nezamabadi et al. ([7]).
Selecting optimal colors is more prevalent in the spectral sensitivity estimation, and according
to the literature ([4],[26]) few other proposal of initial training set selection were discussed.
Shen et al. is proposing the selection of representative color samples by minimizing the spectral
RMS errors of the whole color set (the 198 colors from the GretagMacbeth ColorChecker, the
1296 Munsell chips, and the 24 GretagMacbeth ColorChecker DC colors). Mohammadi et al.[7]
presented a color selection method by first grouping the similar samples into clusters and then
choosing representative samples for the clusters based on vector angle analysis. There is another
popular approach, using cluster-based sampling which tries to perform a local selection of sam-
ples according to the color of a specific test sample ([26]). Another interesting study has been
conducted by Hardeberg et. al. ([4]), where author selects spectra from a large set of Munsell
samples such that each selected spectrum was as different as possible (in reflectance space) from
the other already selected spectra. Apart from the above studies of optimal local color selection
some other interesting contributions have been suggested by Cheung et. al. ([9]), some of which
are relevant for the present study.
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2 BACKGROUND
This chapter provides information in order to help understand the whole thesis and avoid confu-
sions. The theoretical underpinnings include color processing, printing systems, and the theory
for modeling the halftone printing process. This chapter provides a review for these topics, where
some essential vocabularies, definitions and formulas will be given.
2.1 Color Process
The ability of the human eye to distinguish colors is based upon the varying sensitivity of different
cells in the retina to light of different wavelengths. Thus, colors may be defined and quantified
by the degree to which they stimulate these cells. This phenomena could be explained by under-
standing color mixing process, which can be divided into additive and subtractive type. In both
cases there are three primary colors, where colors made from two of the three primary colors
in equal amounts are called three secondary colors, and one tertiary color made from all three
primary colors. This part shall provide a general definition of color mixing and give few examples
of it.
2.1.1 Subtractive Color Mixing
A subtractive mixing explains the mixing of paints, filters, and natural colorants to create a full
range of colors. A printer follows the subtractive color process, where dyes and inks, absorb some
wavelength of light and reflect the others. The final color of printed surface depends on reflected
part of the electromagnetic spectrum. The subtractive color process is based on the three primary
subtractive colors cyan, magenta and yellow. They absorb certain wavelengths and transmit the
others which are then reflected by the white paper.
Figure 4: The subtractive color process
When CMY primaries at full intensity are combined, the resulting secondary mixtures are
green, blue and red. The black is created by mixing all three.
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2.2 Printing
In general, printing can be described as the process of transferring ink onto paper or different
type of substrate.Several different printing technologies have been developed and can be divided
into two main classes of technologies according to the type of image carries used ([27]). We can
distinguish between conventional procedures, which require master, and so called non-impact
printing (NIP) technologies which do not required a printing plate. Technologies like lithogra-
phy(offset), gravure, letterpress, and screen printing, require a printing plate. The most common
NIP are electrophotography and ink jet technologies.
In this work, only non-impact printing technology is used. In general, this type of printers
often have built-in printer hardware controlling color management. In addition, some specifica-
tions for image make-up contained in an output profile have to be mentioned:
Under Color Removal
Under Color Removal, (UCR), is a variant of chromatic composition, in which a part of achro-
matic composition is replaced by black. In other words UCR eliminates yellow, magenta, and
cyan that would have added to a dark neutral (black) and replacing them with black ink dur-
ing the color separation process. In some cases the total amount of CMYK ink (e. g., printing
shadows) refuses to stick and starts to peel off. UGR solves the ink not sticking problem and in
additional decrease price of print, while CMY usage is lower and black ink is cheaper.
Under Color Addition
In situations when, black ink used in a shadow may not be dark enough CMY colors are
added. Portions of cyan, magenta and yellow, are again added to the achromatic composition
and reduced in black. By using Under Color Addition, (UCA), image quality and print quality can
be harmonized to each other very satisfactory, what in the final gives more accurate reproduction.
Gray Component Replacement
Unlike UCR, the whole achromatic portion is replaced by black in GCR. Therefore, the black-
ening is done by only black and not by cyan, magenta and yellow. In general, it is applied only in
the shadow areas. GCR creates a significant reduction in the in contrast, which can be reversed
by the use of Under Color Addition to extend density range. GCR also improves color saturation.
The more GCR is applied the more critical becomes the black print. A small fluctuation in ink
density or dot gain can have a significant effect on the the lightness of the reproduction.
In all cases, input CMYK values are changed, resulting in different request sent to the actual
printing software, what means input area coverages and inks used for printing would be adjusted
accordingly to the printer profile. This does complicate printing model derivation and it is usually
impossible to guarantee that no black is printed or dot gain is not automatically accounted. To
solve this problem, we should have full access to the printer color management.
Ink-jet Printers
Ink-jet is a non-impact dot-matrix printing technology. The ink can be transferred from a small
aperture directly to a specified position on to the paper ([28]). Ink-jet technologies can be classi-
fied as continuous ink-jet and drop-on-demand ink-jet. The mechanism by which a liquid stream
breaks up into droplets was described by Lord Rayleigh in 1878 [29]. Generally, ink used for
printing is liquid but some alternative solutions uses hot-melt inks which after heating are liqui-
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fied and then sprayed onto the substrate ([30]).
In principle, the continuous ink-jet technology generates a constant stream of small ink
droplets. Electronically controlled drops are selected according to the printed image, therefore
this method does not require an intermediate carrier. In the drop on demand ink-jet technology, a
droplet is only produced if it is required by the image. We can distinguish several different types
of drop on demand technologies. The most known are thermal ink jet and piezo-ink jet printing.
Throughout the ink-jet development, some limitation between interaction of ink and paper
was observed. Liquid ink droplet tends to spread along paper fiber lines in irregular way. More-
over, the ink penetration into the papers is to slow within short time intervals, thus absorption
of multiple ink drops at the same area is poor. This is related with so called ink spreading effect
mentioned again in Section: 2.3.2. The low color image quality due to ink spreading is a critical
issue in the development of ink-jet technology ([31]).
There are several improvements of the quality of ink-jet technology. The most commonmethod
reffers to the surface of substrate, which requires a special coating. Coated substrate must bal-
ance between many design parameters as drop volume, evaporation rate, penetration rate, coat-
ing thickness, porosity, etc. Because of very little spreading and absorption of solid ink, its usage
can be another solution to obtaining better image quality without relying on coated substrate.
Due to this approach, higher resolution with satisfying color can be obtained almost independent
of the substrate properties ([32]).
Electrophotographic Printers
Electrophotography, is the oldest of the non-impact printing technologies, having been invented
in the 1930’s by Chester Carlson ([33]). Usually, electrophotographic printing is also often re-
ferred to xerography or laser printing. Electrophotography is a quite complex digital printing
technology. In principle, black or colored powder particles are transferred through electric fields,
and using a combination of heat and pressure, the ink on the drum is transferred onto the page
of the paper.
With comparison to the ink-jet printers, electrophotography technology is more expensive
and requires warming up in order to print images, whereas the print quality is still higher for
ink-jet technology. The main advantages are related with its high speed and high resolution. In
addition, laser printers have no smearing effect but because of the paper path through which
paper passes and the high heat during the printing process, printing paper should be selected
quite carefully.
Offset Printers
Offset lithography is the workhorse of printing and almost every printing house use this method.
In principle, printing ink is firstly transferred to an intermediate carrier and from there onto
the substrate, thus offset printing is an indirect printing technology. Plates can be produced
from different materials, including paper and aluminum. Structure of printing plate is shown in
Figure (2.5(b)), where both water repellent and ink receptive, and water receptive and (as long
as water is present) ink repellent areas can be distinguished (see Figure (2.5(a))). The ink is
transferred to the plates by several rollers. In first step, the image area is picked up from the ink
rollers. Next, non-image areas of the plate are covered by water and restrict ink sticking only to
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the printing area of the plate. Then, the image is transferred to a rubber blanket that in turn with
(a) Plate dampening and inking. (b) Aluminium printing plate. (c) Offset printing process.
Figure 5: Offset printing technology([27])
help of impression cylinder transfers the image to the paper (see Figure (2.5(c))). In a final step,
the plate itself does not actually touch the paper, thus the term "offset" lithography is used. The
paper is left slightly wet by all of the ink and water being applied, therefore drying process is
applied straight after printing.In case of four ink printer each of the primary colors - black, cyan,
magenta and yellow, has a separate plate. In order to receive full color prints, the same paper
has to be overprinted four times.
2.2.1 Halftoning Process
Half-toning process has been used since the 19th century and relies on the fact that the eye
acts as a lowpass filter ([34]). Due to breaking down a continuous tone image into solid spots of
differing sizes to create the illusion of transitioning grays or colors in a printed image the number
of effective colorant levels can be increased from 2 to 5 levels (see Figure (2.6(a))). In case of
four ink printer each color consists of four values: cyan, magenta, yellow, and fourth colorant,
black. These values, representing an amount of each respective colorant, vary between 0 –100%
, thus full continuous range of colors can be produced. Half-tone acceptable reproduction quality
can be obtained by proper selection of image resolution and number of colorant levels.
(a) Labeled cells with theoretical area coverageg (b) The illusion of transition
Figure 6: Halftoning as breaking down a continuous tone image.
Three different types of halftoning are commonly used: rotated screens, dot-on-dot screens,
and stochastic screens. Rotated screens place the dots for each separated colorant at different
angles. Due to placing separated dots at different angles reduces the color error that would
otherwise occur.Different screens combination, suffers from large-area spatial and visual defects,
including the edges being overly emphasized, as well as a moiré pattern ([35]).
It was discovered that this problem can be reduced by rotating the screens in relation to
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each other. The best results in the overprint are obtained for 15◦, 75◦, 0◦, and 45◦ screen angles
for cyan, magenta, yellow, and black, respectively (see Figure (2.7(a)). In conventional screening
systems cyan, magenta and black are typically positioned at 30◦ intervals from each other, within
very narrow tolerances. Only the frequency of yellow colorant, as the lightest or least defining of
the four process colors, may vary a little.
(a) Screening angle (b) AM screening (c) FM screening
Figure 7: Screening methods and angle arrangement.
Traditional screening has been termed "AM" or amplitude modulated screening, and uses
variable-size halftone dots at fixed spacing. The size of the dot increases with adding device
pixels at its outer edge, what results in greater area coverage and the darker the image area.
More recently, AM screening is being replaced by frequency-modulated (FM) screening, which
uses a fixed-size, smaller dot at variable spacing to achieve the same effect as traditional AM
screening. Variation in dot spacing varies the number of dots in a given area, or dot frequency,
hence the term FM screening.
2.2.2 Ink Overprint Prediction
The overall color stimulus over a printed spot consists of all colorants appearing in that area.
Moreover, the possible appearing colors in that spot are not just printing primary colors (cyan,
magenta, and yellow, black) but also overprints (red, green, blue, and three-color black). Colori-
metric properties of, i.e. secondary, tertiary, quaternary primaries (for four-color halftone print-
ing), and so on, are measured to determine the color gamut of the process ink set as a part of
the printer characterization task ([36]).
Figure 8: Structure of halftone color formulation of a CMY printer.
In terms of the spectral reflectance factor, spot color is the linear sum of the spectral re-
flectance factor of each colorant appearing in that spot and it’s final spectral reflectance depends
on the fractional dot area of each used colorant. In order to characterize a halftone printing pro-
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cess, the spectral properties of overprints are usually obtained by printing and measuring. When
new materials are applied, the new ramps for all colorants need to be printed and measured
(more in Section:3.1.1).
In Figure (8) an example of many possible overprint solids for CMY printing process is shown.
The effort required for printing and measuring of ramps significantly changes with more numer-
ous color printing process. There are 2k–k − 1 overprints for a k-color printing process. Since,
colors of non-process color overprints are unknown until they are printed an analytical prediction
of overprints can avoid the necessity of printing and measuring ramps for all colorants .
2.2.3 Dot Gain Effect
When a drop of ink is applied to a substrate, due to spread upon contact or penetrating within
the substrate, surface coverage of ink is larger than a nominal coverages. Such changes essen-
tially depends on the paper’s structure and its absorption, ink setting behavior, printing pressure,
and also the specific ink superposition conditions, i.e. the superposition of ink halftones and
solid inks. Interaction between ink and paper substrate is mentioned in Section: 2.2 and yields
a physical dot gain also referred to as mechanical dot gain, responsible for the ink spreading
phenomenon[37]. An example of mechanical dot gain is shown in Figure 9, where dot gain can
be calculated as follow:
Z[%] = FD[%] − FF[%] (2.1)
where Z, FD and FF corresponds to the dot gain, nominal coverage and effective coverage. Curve
Figure 9: Print characteristic curve and dot gain[27].
one represents ideal print characteristic curve, where selected nominal value of dot size is trans-
ferred to the substrate without changes in its final shape. The second curve represents the real
print characteristic curve, where mechanical and optical dot gain occurs.
Alternatively, the lateral scattering and diffusion of photons within paper substrate plus the
internal reflections at the interface between the paper and the air, are responsible for what
is generally called optical dot gain (also known as the Yule-Nielsen effect). Mentioned effects
cause the bare substrate to appear darker than expected, and the ink dots to appear lighter than
expected, what in overall results in a darker image. The degree of optical dot gain depends on
the distance that the photons migrate within the paper, which in turn depends on paper’s optical
12
Modelling of the full gamut of printer ink reflectances applied to the design of an enhanced training set selection scheme for spectral estimation
properties and it’s thickness. In addition, varying viscosity and varying tack or stickiness of the
ink, significantly affect sharpness, tone and color reproduction of a printed image.
Both, optical dot gain, and mechanical one has been investigated both experimentally and
theoreticaly ([38], [39], [40], [41]).
2.3 Printer Characterization Theory
Many attempts have being made in order to build a printing model which predicts the spectral
properties of printed halftone color. A very brief historical perspective of the different models
is offered in Section 1.2. The prediction of the spectral reflectance of a colorant combination
with high accuracy is not a trivial task. Such printing model is called a forward model. When
ink surface coverages is predicted from reflectance spectra we are speaking about inverse printer
model. Human eye is sensitive for small changes in color. In addition, there are many factors
which have an impact in the final printed color such as the substrate, used ink, the illumination
condition, and the halftones. Therefore, for both model types, there are many difficulties in
obtaining accurate results. In the development of prining models, researchers were limited by
many different phenomena influencing the final reflectance of a color patch. These phenomena
comprise the Fresnel reflection at the interface between the air and the print, light scattering, and
the fact that paper is not perfect diffusely reflecting surface. The paper is a stochastic network
of fibers, thus reflection within the paper bulk and internal Fresnel reflections at the interface
between the print and the air occur. These phenomena influence the optical dot gain (2.2.3).
Therefore, to offer accurate predictions, the models need to take into account, at least to some
extend, the mentioned phenomena determining the interactions, of inks and paper and of light
and halftone prints.
2.3.1 Model Classification
A printer model simulates the behavior of the printing device using as input the known spec-
tral reflectances of a set of printed samples. In the previous section a first division into forward
and inverse printer model was introduced. Further on in this work, we will refer to the forward
printer models. Many models, have been developed and implemented to characterize the printer.
We can distinguish in general between regression based and first-principals models. Most com-
monly used are regression-based models, which are rather simple and work parameters fit to a
set of data to predict a printer output. More physically plausible forms, are first-principals models
closely imitate the physics of the printing process. First-principals take into account phenomena
as: multiple light interactions between the paper and the ink layers. According to the number of
colorants used in printing process the printer models can be classified into single colorant and
multicolorant. First type of model predicts the reflectance of a single colorant coverage, where
the spectral reflectance is estimated from the spectral properties of colorant and substrate. In the
multicolorant models the task is to predict the reflectance resulting from the combination of all
colorants appearing in that area (2.2.2), which is necessarily more complex. Next classification
refers to the way in which the image is reproduced. In continuous tone approach each color at
any point in the image is reproduced as a single tone, where in second case halftone reproduc-
tion (2.2.1) simulates continuous tone by varying either in size, in shape or in frequency of dots.
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Figure 10: Classification of Printer Characterization.
Therefore, continuous and halftone prediction models can be distinguished.
2.3.2 Printing Models
Kubelka-Munk model
The Kubelka Munk model describes the reflectance and transmittance of color mixture in
terms of absorption (K(λ)) and scattering (S(λ)) coefficient of the colorant material. The main
model assumptions are related with material distribution in the sample and with light propa-
gation and light-sample interaction. The model considers that a colorant layer of thickness X is
optically homogeneous, and that it absorbs and scatters the light that is passing through it. The
scattering in the sample is isotropic and the surface reflection is usually neglected. The light flux
is scattered in only two directions, and in both forward and reverse directions is uniformly dif-
fuse. The reflectance of the medium layer, when the surface reflection is omitted can be obtain
by following equation:
Rinf = 1+
K(λ)
S(λ)
−
√(
K(λ)
S(λ)
)2
+ 2
(
K(λ)
S(λ)
)
(2.2)
where, Rinf is the reflectance of an infinitely thick sample of the colorant, that any further in-
crease in thickness has no effect on the reflctance of the samples. S(λ and K(λ) are called K-M
coefficients. The ordinary Kubelka-Munk (see Figure 2.11(a)) was developed for prediction of
(a) The Kubelka-Munk model. (b) The Multi-layer Kubelka-Munk
model.
Figure 11: The Kubelka-Munk model.
a single colorant only. With printing technology development the multilayer Kubelka-Munk pre-
dicting reflectance of multiple layer images was introduced. In principal, each predicted layer
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reflectance is successively treated as the substrate reflectance of the subsequent layer as is shown
in Figure 2.11(b). The Kubelka-Munk approach was introduced more than 70 years ago ([42]).
Both approaches predict the reflectance for solid colors and overprints only therefore, cannot be
applied to halftone process.
Murray-Davies model
In Murray-Davies model ([14]) spectral reflectance is predicted by performing a linear inter-
polation between the reflectance of paper and solid ink (100% coverage ink). The Murray-Davies
Figure 12: Interpretation of Murray-Davies model.
model assumes that both the substrate and the ink are of uniform color and the lateral propa-
gation of light within the substrate is far smaller than the printed dot size. It means that light
emerges from the same colorant from which it enters. Therefore, multiple internal reflections are
not taken into account.
The spectral reflectance is predicted from the sum of the weighted reflectance of substrate
and ink. The colorant coverage refers to distance along line in colorant space as is shown in
Figure 12. The equation for spectral reflectance prediction is presented here:
R^λ = atRλ,t + (1− at)Rλ,s (2.3)
where, R^λ is predicted spectral reflectance, at fractional dot area of the ink, Rλ,t is a spectral
reflectance of solid ink, and Rλ,s is the spectral reflectance of the substrate.
Effective Area Coverage
Without understanding of the actual colorant coverage, accuracy of predicted reflectance is
rather low. In general, the predicted reflectance is consistently of higher intensity than reflectance
from the measurements. The overall effect of darker reflectance iis the direct consequence of the
dot-gain explained in Section 2.2.3. The effective Area Coverage (Effective dot area) is always
an estimated value, which is equivalent to the most closely match to the measured spectral
relectance at area coverage at. In other words, its obtained by fitting process using the real
reflectance and searching for the value of coverage in Eq. that is better able to reproduce the
measured reflectance of the sample. Accurately predicted spectral reflectance by a particular
area coverage, reffers to the effective coverage, aeff. The monochrome output reflectance can be
predicted better by using aeff as at in Eq 2.3.2. In addition, due to effective dot area estimation
the dot gain phenomenon can be defined as aeff - at.
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Yule-Nielsen Model
Yule and Nielsen in their publication ([18]) showed that power function can describe accu-
rately the nonlinear relationship between measured and predicted reflectance.
R^
1
n
λ =
(
atR
1
n
λ,t + (1− at)R
1
n
λ,s
)n
(2.4)
The Yule-Nielsen model, the measured spectral reflectances are first transformed into the 1/n
space, by raising reflectance at each wavelength to the 1/n power (see Eq. 2.4). Then exponenti-
ated reflectance values are raised to the n power to reverse the transformation. The overall effect
of Yule-Nielsen model is to make the predicted reflectance lower, therefore it gives better results
than previously mentioned methods.
Yule-Nielsen Factor
The n-factor parameter accounts for a light penetration and scattering in paper. The exponent
n is fitted according to a limited set of measured spectral reflectance from the color separation
ramp ([23]), where the effective area coverage aeff, must be calculated for each choice of Yule-
Nielsen n-value during the optimization. As it has been shown by a number of authors, the
most suitable value of Yule-Nielsen n value should lie between 1 and 2 ([16], [43]). The n-value
strongly depends on factors as: the ratio between lateral propagation of light within the substrate
and the Fresnel reflection at the interface between the print and the air. Because of variety
of different types of substrate and different set of used inks, in practice optimal Yule–Nielsen
factors as large as n=10 can be observed ([44]). Lewandowski et al. ([45]) have shown that
the Yule–Nielsen equation can provide improved predictions for reflectance curves of printed tile
patterns if it is used with a negative Yule–Nielsen factor.
Nuegebauer
Nuegebauer model ([15]) is a relatively straightforward multi-color extension of the monochrome
Murray-Davies. It also makes the same assumptions as the Murray-Davis model. It predicts re-
flectance spectrum of the area covered by multiple colorants by summing the reflection spectra
of its individual colorants weighted by theirs fractional area coverages ai:
R^λ =
∑
i
aiRλ,i,max (2.5)
where, the number of colorants, i, equals 2N, where N is the number of inks, thus in case
of four-ink printer, summation is done over i=16 Nuegebauer primaries (bare substrate plus
inks with all possible overlaps), ai is the fractional area coverage of each spectral reflectance
of each ith primary at full colorant coverage Rλ,i,max. For better understanding the graphical
interpretation is shown in Figure 2.13(a), where the rectangles corresponds to the weights for
spectral reflectance summation defined by the effective area coverage boundaries. The ordinary
Neugebauer interpolates through the entire printer gamut from a few points on its surface, where
neither the lateral propagation of light within the paper bulk nor the internal reflections (Fresnel
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(a) The ordinary Nuegebauer model (b) The cellular Nuegebauer model.
Figure 13: The Nuegebauer model
reflections) at the paper-air interface are taken into account. Therefore, its predictions are not
of high accuracy ([46]). In order to improve performance of Nuegebauer model, Heuberger et
al. ([20]) have proposed another approach, called cellular Neugebauer model. The underlying
idea of the cellular approach is that providing more primaries to the model, the space over
which interpolation is done is reduced (see Figure 2.13(b)). The usage of more primaries results
in higher accuracy but simultaneously increases computation and measurements time.
Demichel equations
The fractional colorants areas coverage ai, are equivalent to the weights coming from the
Demichel calculation ([47]). The extension of the Demichel equation to four inks iC, iM, iY, iK
with respective coverages cC, cM, cY, cK yields the colorant coverage as shown in Eq.2.6:
iC : aC = cC (1−cM)(1−cY)(1−cK)
iM :aM = (1−cC)cM (1−cY)(1−cK)
iY :aY = (1−cC)(1−cM)cY (1−cK)
iK : aK = (1−cC)(1−cM)(1−cY)cK
iCM : aCM = cCcM (1−cY)(1−cK)
iCY : aCY = cC (1−cM)cY (1−cK)
iCK :aCK = cC (1−cM)(1−cY)cK)
iMY :aMY = (1−cC)cMcY (1−cK)
iMK : aMK = (1−cC)cM (1−cY)cK
iYK : aYK = (1−cC)(1−cM)cYcK
iCMY : aCMY = cCcMcY (1−cK)
iMYK : aMYK = (1−cC)cMcYcK
iCYK :aCYK = cC (1−cM)cYcK
iCMK :aCMK = cCcM (1−cY)cK
iCMYK :aCMYK = cCcMcYcK
iwhite : awhite = (1−cC)(1−cM)(1−cY)(1−cK)
(2.6)
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Yule-Nielsen spectral modified Neugebauer
Viggiano ([16] has applied the Yule-Nielsen relationship to the spectral Neugebauer equations
resulting in the Yule-Nielsen modified Spectral Neugebauer model (YNSN):
R^λ =
(
∑
i
aiR
1
n
λ,i,max
)n
(2.7)
The YNSN model forms the basis for the more recent extensions that account for the ink
spreading process (explained below) and result in new ink spreading model called Enhanced
Yule-Nielsen modified spectral Neuguebauer (EYNSN) model ([37], [44]). The standard EYNSN
model uses one global n-factor accounting for the lateral propagation of light within the pa-
per as well as non-uniformities of the ink dot thickness profiles. In general, inks have different
optical and/or mechanical properties, thus Rossier et al. ([48]) proposed the extended EYNSN
model, where each halftone is predicted with its corresponding optimal n-factor derived from
the individual ink-specific n-factors.
Ink spreading
Dot gain effect depends strongly on the amount of ink and on its superposition with paper or
with other inks. Moreover, dot gain of ink printed alone on paper is different that of the same
ink superposed with one or more other inks. Therefore, Hersch et al. ([47] proposed two models
for taking into account ink spreading, a phenomenon that occurs when printing an ink halftone
in superposition with one or several solid inks.
Cyan ink Magenta ink Yellow ink black ink
C C/K M M/K Y Y/K K K/Y
C/M C/MK M/C M/CK Y/C Y/CK K/C K/CY
C/Y C/YK M/Y M/YK Y/M Y/MK K/M K/MY
C/MY C/MYK M/CY M/CYK Y/CM Y/CMK K/CM K/CMY
Table 1: Available ink spreading curves.
Depending on how inks influence each other different possible sets of equations (ink spread-
ing directive) are used by the ink spreading model. An ink spreading curve maps the nominal
to effective surface coverages in every superposition condition, thus for one ink we have several
ink spreading curves which are shown in Table 1, where the following notation is used for the
ink spreading curve: ink halftone/superposed ink. Hersch et al. ([47] proposed three directives.
First two: Single ink dot gain and Ink spreading of an ink halftone located on top of other inks, are
presented below. The third directive Ink spreading of an ink halftone located on top or below other
ink can be found in Appendix A.
Single ink dot gain
In this case, the effective coverage of an ink depends only on the nominal coverage of the ink
and is computed from the ink spreading curve of the ink alone.
c = fc (c) , m = fm (m) , y = fy (y) , k = fk (k) . (2.8)
, where c, m, y, k corresponds to nominal coverages and c’, m’, y’, k’ to the effective coverage.
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In this directive the ink halftone is influenced by the underlying inks, that are already printed,
but not by new ink layers printed on top of it.
Bugnon et al. ([25]) have shown that the ink spreading curves of ink halftone superposed
with solid black ink are neither relevant for the accuracy of the spectral reflectance prediction
nor resilient to measure noise. In his work, halftone black directive is proposed (Appendix A).
Clapper-Yule model
Along all mentioned models, only the Clapper-Yule takes explicitly into account halftone pat-
terns, lateral scattering, and light propagation and Fresnel reflections. Clapper-Yule model as-
sumes that light reaching the substrate is diffusely reflected and the portion of the light part
which traverses the ink layer is laterally scattered. Next, light enters a second time the ink layer
and exits from the printed paper. Due to surface reflection at the interaction between the diffus-
ing substrate and the print surface (print–air interface), part of the light is again reflected within
the substrate. The multiple reflections and other interactions between light and paper are shown
in Figure 14.
For an infinite number of reflections Clapper-Yule equation for reflectance prediction Rλ is as
follows:
Rλ =Krs +
(1−rs)rg (1−ri)(1−a+at)
2
1−rgri (1−a+at
2)
(2.10)
where, K isthe specular reflection fraction (when is discarded by spectrophotometer, K=0 ), rs
is the specular reflection at the air-paper interface, rg is paper internal reflectance, ri is internal
reflection factor, t is the ink transmitance and a is the fractional surface coverage.
First reflection can be described as:
(1−rs)rg (1−ri)(1−a+a · t)
(2.11)
Additionally, Clapper-Yule model assumes that the period of the halftones is smaller than light
propagation.
In case of four ink printer, the equation is extended to 16 basic colorants:
Rλ =Krs +
(1−rs)rg (1−ri)
 
16∑
j=1
ajtj
!2
1−rgri
16∑
j=1
ajt
2
j
(2.12)
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Figure 14: Interaction between paper and air.
The specular rs and the internal reflection ri coefficients depend on refraction index of paper and
air and rs is calculated according to the Fresnel equations ([49]). The internal reflection values
for different indices of reffraction are tabulated in literature ([50]). The internal reflectance
spectrum rg of a blank paper is calculated by:
rg =
Rw −Krs
1+(1−K)rirs +riRw −rs −ri
(2.13)
where, Rw corresponds to measured reflectance of blank paper.
The effective transmittance of colorant is the last required parameter. Reflectances Ri corre-
sponds to measured reflectances of Neugebauer primaries at 100% coverage.
ti =
»
Ri −Krs
rgri (Ri −Krs) +rg (1−ri)(1−rs)
–1/2
(2.14)
Enhanced Clapper-Yule model takes into account physical dot gain in the same way as Enhanced
Yule-Nielsen modified spectral Neuguebauer approach. In case of the Clapper-Yule the negative
dot gain is obtained, therefore Hersh et al. ([47]) have proposed another model improvement,
where the basic Clapper-Yule assumption concerning period of halftones and light propagation
is changed. The proposed model assumes that lateral light propagation is shorter than period
of halftone. In addition, model is extended by b factor representing the Saunderson-corrected
Nuegebauer component ([51]) and by factor (1− b) representing Clapper-Yule component:
Rλ =Krs +(1−rs)rg (1−ri)
2
666664b
16∑
j=1
ajt
2
j
1−rirgt
2
j
+(1−b)
 
16∑
j=1
ajtj
!2
1−rirg
16∑
j=1
ajt
2
j
3
777775 (2.15)
where, b specifies the part of the incident light that emerges through the same colorant as the
colorant from which it entered, and (1 − b) specifies the part of the incident light that emerge
from all colorants.
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3 Methods
This chapter gathers together information that is necessary to get a sufficient understanding of
the experimental design and data analysis techniques used in this work. Figure (15) shows the
implementation process of this work in a flow chart which can be decomposed into four steps.
The following sections introduce the implementation details of each step in this work. For some
relevant results are commented in order keep experiments more consistent and explain a reason
for next trails. It should allow the reader to understand the problem solving strategies chosen
by the author, follow theoretical aspects of the derived methods and most importantly, present
sufficient information so as to make possible for others to test the reliability of the work.
Figure 15: Flow chart of the implementation process for this work
3.1 Test Chart Printing and Spectral Measurements
In this section all step in design of the printing Self-Designed chart used as an input for the
printing model and measurements are discussed. Then experimental procedure for spectral re-
flectance measurements and probable error sources in printing process and spectral measure-
ments are described.
3.1.1 Test Chart
The test target has to met following specifications. In general, it should be available as an in-
expensive single paper sheet that can be measured by any available spectrometer. There are
three main aspects taken into consideration in the design of the test target: printer stability,
separation registration, and required test data. In addition, features such as set of ink used for
printing, substrate uniformity, resolution, patch size and deviations should be also considered
for the target design. The description that follows assumes that stability and registration should
be monitored. Printers are available in many technologies(see Section 2.2), and therefore, have
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differing print-to-print and run-to-run stability. Likewise, separation registration (alignment) dif-
fers among these various technologies. Each test chart should consist of three sections: control
patches to assess stability, alignment cross-hairs to assess registration, and sample patches. The
size of the patches depends on the instrumentation used for the spectral measurement. The
control patches should be sets of eight patches: cyan, magenta, yellow, red, green, blue, three-
color black, and pure black([44]). The stability control patches should be designed in a way so
that they cover through the whole width and length of the test chart are being spread at equal
distances. If within-print instability is expected, the control patches should be placed on each
extreme of the print. There should be alignment cross-hairs in two corners of the print, one
cross-hair each of red, blue, green, and black. Data patches can be placed in any position on
the print, but the colorant coverage has to be set carefully to avoid overburdening the printer
with too high a total area coverage. For some technologies, this might affect process stability and
cause the problem of ink not sticking. However, the best solution is to spread the samples in ran-
dom way all over the chart. In this approach, in the case of print instability or regular differences
in the structure of the substrate, systematic error is reduced. In general, depending on the choice
of measurement device, the sample patches can be made significantly smaller, thus fitting more
per page and requiring fewer pages to be printed. This is preferable, because fewer pages means
less opportunity for printer variability to impact the data and next final model performance.
In this section the design of the test chart and its printing process is presented. All described
steps should allow the reader to understand the complexity of this process and help with future
test chart production.
Design and Sample Preparation
After reviewing the guidelines for the test target design, a test chart, later called self-designed
chart, used in further work was designed. Due to the size of the spectrophotometer aperture di-
ameter each square patch should have a minimum side length of 4 mm. All patches are separated
by thin white line (no ink coverage) between them. We assumed that separation registration eval-
uated by the cross-hair alignment has been previously performed by person responsible for chart
printing. Evaluation of separation registration can be done either visually or instrumentally and
it depends heavily on the halftoning scheme used. This assumption allows to skip drawing the
cross-hairs on the self-designed chart. It is important to mention that Adobe Photoshop CS2 was
used as a tool for preparing the self-designed chart, because this program is widely used printer
printers and user’s manual is well explained. New file was created with size of width and height
corresponds to the A4 paper format. Additionally, files created during the project shall be made
in high resolution, thus allowing it to be printed by many different printers without resolution
constraints.
For this study, the self-designed chart, (see figure 17), consists of three main parts:
• algorithm input part (patches inside blue frame)
• spectral prediction accuracy part (patches inside green frame)
• printer stability monitor part (patches inside red frame)
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Algorithm input part
The selection of coverages of the patches is dependent on the choice of models. In this study,
the two selected methods are using the same input data. In all cases, fitting effective area cover-
ages requires several levels in each separation ramp. The exact number of levels depends on the
size of the chart and final model prediction accuracy which is required. Additionally, we have to
think about the amount of work which has to be done during measurements.
In our work, eleven steps are treated as sufficient number. Each ramp was printed at 10%,
20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, and 100% theoretical dot areas. For a four-color
halftone printing process, there are secondary (two-ink) overprints, tertiary (three-ink) over-
prints, and quaternary (four-ink) overprints which have to be included into test chart.
Figure 16: Magenta Separation Ramp.
Since this research used four primary inks for the halftone reproduction, algorithm input part
contains sixteen separation ramps, for each CMYK primary and all possible colors resulting from
overlays. Therefore, in four-color model the total number of primaries equals sixteen and the
example of magenta primary separation ramp is show in the Figure (16) All sixteen separation
ramps are located in the top of the algorithm input part of the chart.
We consider the assumption that when a halftone layer is printed either beneath or on top of
a solid layer, its effective surface coverage is modified. So we have to include in the self designed
chart the following ramps corresponding to:
• the surface coverages of single ink halftones,
• the surface coverages of single ink halftones superposed with one solid ink,
• the surface coverages of single ink halftones superposed with two solid inks,
• the surface coverages of single ink halftones superposed with three solid inks.
These patches are located on the self-designed chart below the separation ramps of the sixteen
Neugebauer primaries patches. The algorithm input part contains a total of 528 patches, some
of which are repeated to allow for print stability evaluation.
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Figure 17: Self-Designed Chart.
Spectral prediction accuracy part
The main goal of this part of self-designed chart is to print Cyan, Magenta, Yellow, Black color
patches of known nominal surface coverages, for verifying the accuracy of spectral prediction
models. The colors in the interior of the printer gamut space need to be considered.
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(b) Zoomed color distribution part
Figure 18: Spectral prediction accuracy part of the Self-Designed Chart on the CIE 1931 diagram. Primaries
of the printer are represented by circles.
A uniform sampling of printer gamut is useful to apply but because of the lack of empty area
on the paper the selection of patches for spectral prediction accuracy part was done in such
way that all possible colorant combinations were present with considerable attention to the most
difficult combinations as four ink mixtures. All the 264 colours included in the spectral prediction
accuracy part are shown in the CIE 1931 diagram in Figure .
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Printer stability monitor part
Printer stability monitor part was designed to evaluate printing stability. Depending on the
required accuracy, a threshold color difference should be set. Corresponding colors across mul-
tiple patches on X or Y axis are evaluated for defining acceptable within printer variability. Y
axis contains 36 patches with green Neugebauer primary and X axis contains 24 patches of red
primary, 24 patches of green primary and 4 patches for each cyan, magenta, yellow and black.
ECI2002r standard chart
This standard chart is widely used for assessing printer accuracy because it samples uniformly
the printer color gamut. For this reason, we have decided to print it and use it for additional
testing of the spectral reproduction accuracy of the models included in our work. The Interna-
tional Standard ISO 12642:1996 defines the ink values to be used for characterizing four-colour
halftone printing processes. The number of black combinations with cyan, magenta and yellow
is adequate to the calculation of colour profiles with different settings for under color removal
and for gray component replacement. Nevertheless, for many applications the number and dis-
tribution of ink combinations of cyan, magenta and yellow is not sufficient, because the proofing
devices require more ink values in the mid-tones and quarter-tones for a higher accuracy.
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(a) ECI2002r Color distribution on CIE 1931
chromaticity diagram
(b) ECI2002r standard chart
Figure 19: ECI2002r standard chart.
The goal of ECI2002r printing standard chart, which is commonly used for color proofing
in printing industry, is to define a new color characterization target for four-colour printing
that fulfills the needs of all ink-on-substrate halftone printing processes in the industries like
publishing and packaging ([52]). Another advantage of this chart is the fact that new sample
layouts with a more even distribution of ink coverage are defined. The ECI2002r chart is not
specifically designed to assess models aiming to obtain spectral reflectance from CMYK values.
Controlled printing process of the charts
The biggest problem while characterizing the printer is the necessity to override the color man-
agement embedded in the printer. When a image is sent to the printer several transformations
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are usually applied to it: gamut mapping, colorant separation, scaling and halftoning. In a con-
trolled printer, printed samples should contain the requested C, M, Y levels without any attempt
at color management. All limitation occured because of the actual printing hardware mentioned
Label Printer Technology Paper
A Xerox Phaser 7760 Electrophotographic Copy Paper Mondi
B Xerox Phaser 7760 Electrophotographic Plain Copy Paper
C Oce ColorWave 600PP Ink-Jet Red Label Paper
D HP DesignJet 5000ps Ink-Jet HWC Paper HP C6569C
E HP DesignJet Z3200ps 24in Ink-Jet HWC Paper HP C6030C
Label Grammage g/m2 Opacity Whiteness CIE ISO Brightness
A 160 97 160 ± 3 110 ± 1,5
B unknown unknown unknown unknown
C 75/80 92 159 ± 3 88 ± 1
D 130 96 144 ± 3 90 ± 1,5
E 131 96 144 89
Table 2: List of printers and specification of papers used for printing.
in section 2.2. Thanks to the help of the persons in charge of a set of controlled printers located
at the Norwegian Color Research laboratory in Gjovik University College a number of test prints
was produced. Three ink jet printer/plotters and one electrophotographic technology printer
have been used. Only one type of substrate per ink jet printer was available. In case of elec-
trophotographic technology two different substrates were used (see Table 2 for a complete list
of printer models and substrates used). Self-Designed and standard ECI2002r, were printed for
each printer and its corresponding substrates . The test charts were adapted to be printed with
the fixed resolution of the printer. The image was halftoned, each pixel value of an image was
set to 0 or 1 and the command for the printhead was to lay down or not a drop of ink at the pixel
position. All these operations were performed by the printer controlling software.
(a) Misadjustment in the hue profile. (b) Correctly adjusted profile.
Figure 20: Issue with prepress setup.
Because of the complexity of the printing process, the correctness in settings and control over
printer hardware is of significant importance. The prepress procedures that occur between the
creation of a print layout and the final printing have to be done carefully.
Figure 20 is an instance of the final effect when the printing process is not correctly controlled.
Samples on the left depicts effect of switching off the hue adjustment in color management
profile. Wrong setups have impact in off-target colorant coverage selected for patch printing.
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3.1.2 Spectral Data Acqusition
In this study, the Minolta CM-2022 was used for spectral reflectance measurements. The Minolta
CM-2022 is portable and it covers the visible spectrum from 400 to 700 nm. The measurement
area is a circle of 4 mm diameter. Some technical specifications are presented in Table 3.
Figure 21: Spectrophotometer Minolta CM-2022.
Illuminating/viewing system (d/8 [illumination /viewing])
Detector Silicon photo-diode array with spectral filter array
Wavelength range 400 to 700 nm
Wavelength interval 10 nm
Light Source Pulsed Xenon Arc lamp
Interval between measurements 3 seconds
Table 3: Minolta CM-2022 Specification.
The main aim of presented work in this section is to evaluate the performance of this instru-
ment in terms of precision and accuracy. In addition, the average error arising from the paper
non-uniformity and ink thickness heterogeneity was estimated.
Evaluation Metric
In order to compare different spectral data, several metrics are proposed. And each of them has
specific characterisitics and limitations. It was found by Imai et al.([53]) that depending on the
shape and magnitude of spectral curves, one metric could perform better than another. To define
probable error sources in both printing process and spectral measurements we have used several
colorimetric and spectral error metrics:
RMSE: Root Mean Square Error
This is a very simple metric, calculating the RMS difference of the predicted and measured
reflectance spectra. RMS error metric has been used for spectral estimation evaluation in many
studies ([54]).
RMSE =
√
1
n
∑
λ
(Rm (λ) − Re (λ))
2 (3.1)
where, Rm(λ) are the spectral reflectance components of the real curves, Re(λ) are the estimated
values and n is the number of wavelengths tested.
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The Relative Error
The Relative Error is calculated by following equation:
δx =
∆x
x
=
x0 − xi
xi
(3.2)
where, ∆x is a difference between spectral reflectances of the first measurement x0,and the next
one xi, where i is the index of measurement from 1 to n−1, for the case of nmeasurements. The
results are given in the following ranges: RMSE 0-100 (percentage RMSE) and Relative Error 0-
1, where 0 corresponds to the best result in both cases. The relative error was computed for four
different spectral ranges (400-500nm, 500-600nm, 600-700nm, 400-700nm). Due to spectral
range division repeatability for each range can be examined. Therefore, the variation in a low
signal of spectral reflectance (i.e. Cyan) will not be disclosed in a study of the entire spectrum.
Color Metrics
Additionally, several color difference formulas quntifying the percived difference of two stim-
uli under given viewing conditions, were selected. We have decided to use ∆E∗ab [55] and the last
recommendation from the CIE ∆E∗00 [56]. Later attempts to improve the uniformity of color dif-
ference formula include the CIEDE2000 ([57]). CIEDE2000 includes the chroma and hue weight-
ing functions used in CIE94 plus additional parameters for compensation of non-uniformity of
CIELAB compensate ([58]). In addition, the computation of industrial color differences is im-
proved by CIEDE2000 formula.
Measurement Uncertainty
The measurement uncertainty can be divided into two main categories, precision and accuracy.
Precision describes the dispersion of the measurements taken. Accuracy refers to the distance
between the measurements taken by the spectral measurement device and the reference target
value. In literature precision is divided into repeatability and reproducibility ([60]). In presented
Figure 22: Overview over measurement uncertainty([59]).
work, because of lacking of an appropriate reference target, the accuracy was not investigated
and it is assumed as high according to the manufacturer’s specifications.
According to the time elapsing between measurements, we can study the short-term, middle-
term and long-term repeatability. The short-term corresponds to measurements taken in succes-
sion, either of the same or of a different surface. The medium-term repeatability is based on
measurements done over a period of hours. The long-term repeatability refers to measurements
made over days, weeks or longer periods of time. The measured patch was adequately positioned
and its central region was always selected as a target.
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Repeatability
Spectrophotometers are claimed to be the most precise and accurate color measurement instru-
ments. The most significant design parameter that influences the uncertainty level is measuring
geometry([59]). The Minolta CM-2022 Spectrophotometer used in this experiment has d/8◦ as
an illuminating/viewing geometry. Spectral reflectance measurement deviations obtained by the
manufacturer and a calibrating technician with a calibrated reference surface are presented in
the Table 4.
Information Source
Manual of the device Measured by technician during testing
Standard deviation within 0.30% Standard deviation within 0.20%
Table 4: The repeatability references.
During our repeatability tests, the color patches used were not moved and the measurement
area was the central region of the patch. Before conducting the measurements, warm up and
calibration procedures were performed. To warm up the instrument, several measurements on
its own white standard were made. Then, absolute black calibration was conducted by using a
black reference surface. For all measurements conducted in this study, a black light trap was used
as a reference black. Next, absolute white calibration by using instrument’s own white reference
tile supplied by the manufacturer was performed. The white reference tile had special buttons
fitting to the pad of the measuring device. Due to the type of tile and device construction is
reasonable to assume that calibration is always taken for the same area. After calibration the
absolute spectrum of the white reference tile and absolute spectrum of the black light trap were
stored in the instrument’s memory. Next, the spectral reflectance for selected color patch was
calculated by internal software and saved in the ASCII file. After these steps, we proceeded
to the series of measurements necessary for assessing the repeatability. The evaluation of this
measurements was done.
The short-term repeatability
Some standard printer quality assessment charts contain more than 1400 samples, like the
ECI. The information represented in Table 4 are obtained for only 30 measurements of the white
tile area. In the case of measuring more samples, we have no information about neither the
deviation introduced by the measurement process or the maximum number of measurements
keeping this error reasonable. In order to estimate the maximum number of measurements, after
which re-calibration is required, 130 measurements of white patch from the standard chart Col-
orChecker GretagMacbeth were conducted. White patch was selected in order to keep reflectance
in high signal along whole its spectrum. Calibration and measurements where conducted as ex-
plained in section 3.1.2. Results for the short-term repeatability are shown in Figure 23. All
measurements were done continuously without any re-calibration during the process. In both
cases RMSE and relative error have and is seems to be linear. As mentioned earlier, relative error
is computed for four ranges. In the case of the white patch, for which the reflectance remains
high along its whole spectrum, the average error is similar for each range. The highest values
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Figure 23: The short-term repeatability measurements.
occur for 500-600 nm range, where for 30th measurement the deviation is around 0.0015. Spec-
tral deviation estimated in this experiment is smaller than reference spectral deviation obtained
by technician placed in the Table 4. In addition, it was expected that the error is increasing in
seemingly linear way with the number of measurements.
Relative Error RMSE
Range Error Maximum Average
400-500 nm 0.0047 0.36 0.20
500-600 nm 0.0036
600-700 nm 0.0042
400-500 nm 0.0042
Table 5: The short-term repeatability error estimation.
Due to the huge amount of time that elapses while measuring a large number of samples the
estimation of error for a higher number of samples was conducted. Standard charts used in this
work have more than 1400 patches so we are interested in evaluating when the accumulated
error due to consecutive measurements reaches the tolerance level of 2%. 500 it is the maximum
number of data which can be memorized by software, so we estimated this accumulated error for
this number of measurements. From the Figure 23 the linear behavior of error can be observed.
The linear fit was used for the estimation from 130 to 500 measurements. The equation of
straight line corresponding to short-term repeatability was calculated and then relative error of
the 500th measurement was represented, see figure 24.
The estimated error for 500th measurement is in the error tolerance and equals 1,417%.
The medium-term repeatability
The relative error can vary for different color patches. A total of thirteen measurements with
a lapse of 1 hour between each two were taken to assess the medium term repeatability. Device
was calibrated only once. Evaluating this kind of repeatability is useful when a large number of
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Figure 24: The short-term repeatability error for 500th estimation.
samples is going to be measured, a process that can lapse for several hours. The device is placed
manually and interruptions between measurement can be longer because of many factors.
Relative Error RMSE
Range Error Maximum Average
400-500 nm 0.0009 0.07 0.04
500-600 nm 0.0006
600-700 nm 0.0008
400-500 nm 0.0007
Table 6: The medium-term repeatability error estimation.
Table 6 illustrates the accumulated error for this series of 13 measurements. The results reveal
that deviation is smaller than 0.1% thus, measurements can be done in different intervals of time
without significant impact on the final results.
Area selection importance
We have conducted a experiment to evaluate the influence of a proper selection of measure-
ment spot area in the spectral reflectance measurement values obtained. The reflectance was
measured for 3 different samples: orange, and green patch (Self-Designed chart), and white
reference tile. The reference white tile has dedicated buttons for connecting the device, so we
expect that for this patch it is ensured that the measurement takes place consistently in the same
area. The study was repeated in this order: first white tile was measured, then orange and green
patches, the measurement cycle is reapeated. The results are presented in Table 7. Figure 25 il-
lustrates that measurements of exactly the same area (controlled by dedicated button) for white
tile produce less error than measurements of central region for a green and orange patch. Also,
we can see from the figure that the error value distribution is quite random, and so we cannot
consider this source of error as systematic. The mentioned random changes are due to the vari-
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Figure 25: Area selection importance. Patch number 1, 2, 3 corresponds to the green, orange and white
object respectively.
RMSE Relative Error
Object Max. Mean. Range 1 Range 2 Range 3 Range 4
White 0.27 0.14 0.0033 0.0026 0.0023 0.0027
Orange 0.83 0.26 0.0244 0.0214 0.0193 0.0203
Green 0.88 0.27 0.028 0.0234 0.0282 0.026
Table 7: Results of the selection of measurement spot area experiment.
ability of the precision in the placement of the device measurement spot area on the exact central
region of the patch. In addition, other possible contributions to this deviation can be the non uni-
formity of the substrate or instability during the printing process. These factors are evaluated by
experiments described in the next two subsections.
Paper Non Uniformity
The non uniformity of paper issue is mentioned in the literature ([59]), [61]). The paper visual
evaluation is greatly affected by its brightness, and color uniformity. During paper production all
steps have to be controlled. The uniformity can be affected by fiber orientation heterogeneity,
sheet moisture variations, dried-in strain, draw, and calendering process. Not only grammage
and thickness but also local density and porosity can affect local uniformity of paper. For coated
paper its pigmenting surface is covered by water based pigment coating. This treatment is de-
signed to enhance coating optical scatter and increase brightness, whiteness and opacity. Any
inaccuracies and defects of the pigmenting surface of the paper can be magnified after coat-
ing. Factors like color, brightness and opacity are affected both globally and locally by coating
structure. Variations in the local coat weight can greatly impact the paper uniformity.
Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0262 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0200 1.79 0.37 ∆E∗94 0.76 0.21 0.76 0.44
600-700nm 0.0143 ∆E∗00 0.45 0.15 0.80 0.46
400-600nm 0.0199
Table 8: Paper uniformity results.
In this study, we have assessed paper uniformity because it can influence the final target
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accuracy of the spectral estimation results. Substrate C (see Table 3) was selected and the spectral
reflectance was measured 36 times along whole it’s area randomly. The results are presented in
Table:8.
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Figure 26: Paper uniformity measurements.
This work is done with cooperation of Chromasens GmbH comapny (www.chromasens.de). In
following tables the results are shown for two different illumination, D65 and LED light source
provided by Chromasens. In such way findings can be used in a real capture device for color
quality evaluation of printed samples, which use exactly the same illuminant.
From the results listed in Table 8 we can see that the highest variations occurs for range
400-500 nm and 500-600 nm, where relative error is not higher than 2.7%. Similar results are
obtained for experiment of measurement spot area. Therefore, we can assume that variation in
error of spot area selection is related with paper non uniformity. The non uniformity of paper
can be easily seen in Figure 3.26(b), where the average RMS error equals 0.39%.
Homogeneity of the ink thickness
The printing process using a multicolor printing systems is quite complicated. Interactions be-
tween inks, type of the paper and printer stability are responsible for heterogeneity of ink thick-
ness. Variation in coat weight originating in the base paper is strongly connected with print non-
uniformity. The chemical composition used in inks and for coating process affects the uniformity
in ink transfer and setting. The amount of ink deposited on the paper and its homogeneity can
cause variations in the spectral reflectance of the sample. In order to improve the contact be-
tween paper and ink, the produced layer has to be thicker and printed with higher pressure. It
was stated that printing with higher pressure leads to a lateral redistribution of the ink. Thickness
of the ink film is higher in surface depressions and lower on peaks in the topography [62].
In this study, measurements of variations of identical patches placed at different locations in
the standard chart ECI2002r were done. Due to the fact that along all chart patches of 100% C,
M and Y area coverage are repeated twice - the homogeneity of the same ink could be compared.
Results for chart printed by Oce ColorWave 600PP at Red Label Paper are presented in Table 9.
It was expected that the comparison of two patches of the same ink coverage at different chart
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location will yield information used for target accuracy error estimation.
Cyan Ink Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0036 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0002 0.13 0.07 ∆E∗94 0.13 0.07 0.16 0.08
600-700nm 0.0029 ∆E∗00 0.13 0.07 0.13 0.06
400-700nm 0.0024
Magenta Ink Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0061 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0015 0.25 0.12 ∆E∗94 0.16 0.08 0.21 0.11
600-700nm 0.0047 ∆E∗00 0.17 0.08 0.18 0.09
400-700nm 0.0018
Yellow Ink Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0034 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0055 0.37 0.19 ∆E∗94 0.23 0.12 0.21 0.11
600-700nm 0.0053 ∆E∗00 0.14 0.07 0.14 0.07
400-700nm 0.0052
Table 9: Ink inhomogeneity results using two patches from ECI2002r C chart.
Next, we investigated differences in ink homogeneity for uncoated and coated paper. The
experiment was performed in the same manner as previously but this time we used chart printed
by HP DesignJet 5000ps at HP C6569C paper.
In both cases, the greatest deviation is observed for the yellow ink. Major cause may be in
the nature of yellow ink reflectance, where the signal through most of the visible range is high.
We can assume, that because yellow ink the lightest of the four process colors, changes in the
structure of the paper are the most visible for this type of ink.
For the same reason as stated earlier when discussing coating process and its influence on the
quality of paper, defects and irregularities in the pigmenting surface of the paper can be magni-
fied after coating. Comparing results obtained for print C and D, bigger error values are calcu-
lated for coated paper, which agrees with the conclusions mentioned in section 3.1.2. The highest
average values for spectral and color metric are ∆E∗94=0.12, ∆E
∗
00=0.09 and RMSE=0.19 in case
of C print, where for D print the same metrics are ∆E∗94=0.34, ∆E
∗
00=0.26 and RMSE=0.5.
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Figure 27: Ink inhomogeneity comparison between Self-Designed and ECI2002r charts using print C.
An additional experiment was performed to evaluate the variability found in the same sample
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printed in two different sheets of the same paper within different contexts: the self-designed and
ECI charts. The cyan, magenta and yellow patch is compared with the patch of the same ink
coverage corresponding to the Self-Designed chart.
The results of this experiment revealed that changes in color for the same patches located
at different charts printed in different time depend on the type of printer and its print to print
stability(see Figure 27).
Cyan Ink Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0103 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0036 0.36 0.18 ∆E∗94 0.23 0.12 0.30 0.15
600-700nm 0.0051 ∆E∗00 0.24 0.12 0.24 0.12
400-700nm 0.0079
Magenta Ink Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0098 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0088 0.17 0.09 ∆E∗94 0.15 0.08 0.20 0.10
600-700nm 0.0004 ∆E∗00 0.16 0.08 0.18 0.09
400-600nm 0.0032
Yellow Ink Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0213 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0050 0.31 0.16 ∆E∗94 0.20 0.10 0.2 0.10
600-700nm 0.0035 ∆E∗00 0.12 0.06 0.12 0.06
400-700nm 0.0051
Table 10: The homogeneity comparison of Self-Designed and ECI2002r charts for print C.
The previous results might be cross-conditioned by printer stability. Recent printers have
intra-attached special spectrophotometer, and mentioned color differences are controlled and
decreased while printing process. The Oce ColorWave 600PP printer used in this experiment
does not have a spectrophotometer. However, changes illustrated in Table 10 are not significant,
and only cyan ink gives larger deviation in comparison to the results obtained for patches located
at the same chart.
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Figure 28: The C, M, Y and K ink homogeneity evaluation for the print C. Color bar on the right corresponds
to the number of measured patch.
To verify the printer stability, the next measurements were conducted, using the printer sta-
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bility monitor part mentioned in the section 3.1.1. The main aim in this experiment is to evaluate
the printer stability along the X axis (see Figure 17), where 24 patches for red Neugebauer pri-
mary, and 24 patches of green Neugebauer primary are printed.
From the results of this experiment it was found that changes in green and red primary along
X-axis are greater than those from the previous experiments. The main reason for this is that
some additional sources of error are influencing this last experiment, and also that it includes a
larger number of measurements. The plastic foil was located on the surface of the chart in order
to avoid print damage. Device was moved along the edge of the plastic foil and so in different
positions thickness of surface could vary, thus causing bigger deviation. This might be treated as
a new error source. Additionally, device error has to be included. As is illustrated in Figure 29
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Figure 29: Primary inhomogeneity evaluation using print C. Color bar on the right corresponds to the
number of measured patch.
the error is not systematic. The color of curves should change in the same way as the color of
bar on the right from the plot. In this case printer stability is not of the greatest importance and
previously commented sources of error have strong influence on the final result.
Red primary Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0324 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0383 2.31 0.79 ∆E∗94 1.28 0.42 1.32 0.46
600-700nm 0.0648 ∆E∗00 1.28 0.43 1.32 0.46
400-600nm 0.0588
Green primary Spectral Metrics Color Metrics
Relative Error RMSE LED D65
400-500nm 0.0341 Max. Avg. Max. Avg. Max. Avg.
500-600nm 0.0454 0.73 0.2 ∆E∗94 1.04 0.31 1.12 0.32
600-700nm 0.0198 ∆E∗00 0.98 0.29 1.06 0.3
400-600nm 0.0389
Table 11: C printer stability control.
The errors do not show any systematic trend, as pointed out before for the previous experi-
ment using green and red patches in the self designed chart. Only the samples that are measured
in the middle (plotted by pink color) are always of lower reflectance, what can be related with
the position in the paper.
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Target Accuracy
In the printing process, the final print quality is linked to many factors. Such factors as paper
nonuniform structure, ink heterogeneity thickness and print stability were described and evalu-
ated in the previous subsections. Then, in order to verify differences between the output prints,
its printed surface should be measured. Usually all of the measurements are flawed. At the be-
ginning each of these factors is unknown and most of them are beyond control. In Figure 30
additional sources of error, are illustrated.
(a) Peeling off effect (b) Dust (c) Ink smear
Figure 30: Print maintenance issue.
To avoid this kind of errors, printing process and measurements should be handled carefully.
In addition, measuring device should not be in direct contact with the print surface, because it
may cause stains or scratches. To try to avoid this problem, during measurements plastic film was
used. In this study, amount of ink at some patches equals 400%, since 100% amounts of C, M,
Y and K are deposited, and this can make the samples prone to pealing off (see Figure 3.30(a)).
The film surface should be very thin and homogenous. In our case, standard paper protecting
plastic film was used, and the evaluation of the impact of this material on the measurements will
be a matter of future studies. All mentioned factors have to be contained into the final target
accuracy, which will inform us about the minimum bound for the errors that we can obtain given
our experimental conditions. The experiment for printer stability contains all possible sources of
error, thus its results will be used for defining the target accuracy.
Because the majority of errors are non systematic we have decided to calculate the average
of results corresponding to the 6 primaries examined in printer stability trial(see Table 12).
This target accuracy is defined for C print. In order to evaluate target accuracy for other print
∆E∗94 ∆E
∗
00
RMSE D65 LED D65 LED
0.48 0.37 0.32 0.35 0.32
Table 12: Proposed target accuracy.
substrates, similar experiments should be performed. This will be also a matter of future work.
3.2 Printer Characterization
In this section experimental methods and a discussion of the experimental procedure used in
four ink Printer Characterization are described.
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3.2.1 Model Selection
Many models have been proposed to predict the color output of binary printers. The models have
been applied in many contexts over the years and for all models, a spectral form is used. Those
models aim to predict the spectral output of the printer. Models can be classified into two general
types which most used are regression-based models. These tend to be relatively simple, while
use parameters empirically fitted to the data. They are often useful for modeling printer output,
because they tend to be reasonably accurate and their simplicity allows for short calculation time.
Regression-based models do not necessarily strive for modeling of the physics of the interaction
between ink and substrate, but rather to emulate the behavior of the system. More physically
plausible forms, called first-principals models, attempt to simulate the physical process. It is
hoped that these models accurately estimate printer behavior, though the more important usage
is to increase understanding of the physical process itself. Often, the first-principals modeling
approach cannot predict printer output as well as the simpler models. See more about model
theory in Subsection 2.3. This short presentation of methods, gives an overall idea about the
factors motivating our selection of methods. Their ability to obtain satisfactory results was the
main criterion in choosing the method which is implemented and tested. The main objective was
to obtain an algorithm, in which the input information are CMYK coverages, and, as a result
output it give, the reflectance corresponding to those values. As closely as possible a predicted
spectral reflectance is required in order to the real problem of obtaining additional samples to
cover the full gamut of a printer.
Taking the previous consideration into account all advantages and disadvantages mentioned
in Section 2.3.2, finally two methods were selected for this study. The first is the regression-based
model called Enhanced Yule-Nielsen modified Spectral Neugebauer, (EYNSN), and the second
is first-principals model called Enhanced Clapper-Yule modified Spectral Neugebauer (ECYSN).
Both models are extended for ink spreading function, where in overall accurate results can be
obtained. Additionally, this selection allows to make comparison between two different methods
which use two different ways to describe the problem of spectral reflectance prediction of print.
3.2.2 Model Fitting Process
A printer model establishes the transformation between a combination of the n Neugebauer pri-
maries used to print a color patch, and the spectral reflectance of the resulting printed patch. A
model predicting the spectral reflectance of a colorant combination is called a forward model.
In this study, the regression-based model called Extended Enhanced Yule-Nielsen modified Spec-
tral Neugebauer model,(extended EYNSN), and first-principals model called Extended Enhanced
Clapper-Yule modified Spectral Neugebauer model (extended ECYSN) are investigated, as men-
tioned in Section 3.2.1.
In this section the reader will find the description of experiments and results for the four ink
printer characterization, allowing us to estimate reflectance spectra of each color patch when
knowing only its colorants area coverage. Particularly steps and issues connected with input data
preparation and algorithm optimization are described. To illustrate the performance of the tested
forward models real measurement were used. Corresponding to a multi-colorant inkjet printer
with four CMYK inks, Oce ColorWave 600PP inkjet printer was selected. The substrate used for
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printing both Self-Designed and ECI2002r charts was the same (Red Label Paper). To explain
printer and substrate selection Selection of this particular printer and substrate can be explained
by the fact that inkjet printing is more common technology, where mainly uncoated paper is used
(office, home).
Input Data Preprocessing
In order to build EYNSN and ECYSN model the spectral reflectances of the Neugebauer primaries
and the spectral reflectances of each single colorant ramp are required.
The chart explained in section 3.1.1 was used as an input data for the algorithm. Each ramp
is made of 11 linearly spaced steps from 0% to 100%, as previously mentioned in Section 3.1.1.
The algorithm input part contains 528 patches but not all of them are used in the algorithm. In
order to simplify data management, measured values were transformed into a 3D array.
Because the Self-Designed chart has 24 patches on the X-axis and 33 on the Y-axis and the
device measures reflectance from 400 to 700 nm with 10 nm interval the final size of a 3D array
equals 33x24x31, where are Y-axis, X-axis and wavelengths respectively(see Figure 31). With this
arrangement, each cell from the constructed array corresponds to the patch exactly at the same
location on the algorithm input data part, which renders easier the task of locating each patch
and its corresponding reflectance. Measured reflectance is allocated inside the 3 dimensional
matrix and then it has to be connected with the corresponding CMYK coverage values. For this
reason, a new 3D array of size 33x24x4 is built. In this array the CMYK nominal coverages are
stored as illustrated in Figure 31.
Figure 31: Input data structure used for model prediction.
The algorithm uses both the CMYK data and the corresponding measured reflectance. Both
data sets are related by the pixel position (horizontal and vertical coordinates) in their respective
3D matrices (see Figure 31).
Sample Measurements
Samples were measured by using Minolta CM-2022 spectrophotometer, which sampling geome-
try is d/8◦, to obtain reflectance spectra. The adopted spectral range was from 400 nm to 700 nm
at 10 nm intervals. The spectral data of patches from the Self-Designed chart (total 792 patches)
and from the ECI2002r chart (total 1485 patches) for five different prints were obtained by the
average of three measurements on each patch.
The papers used for printing were not 100 % opaque. For this reason, the property of the
material behind the paper during measurement can change the spectral reflectance. It is possible
to minimize this impact by using sample backing. During the measurement of the patches a white
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backing surface was used, where all measurements were done for patches placed on the similar
blank paper.
Accuracy Metric Used
The colorimetric accuracy was specified by the CIE94 and CIEDE2000 color difference equation
for standard illuminant D65 and 1931 standard observer. As mentioned in Section 3.1.2 addi-
tionally, LED illuminant provided by Chromasens company was used for CIE94 and CIEDE2000
color difference calculation.
There is not any standard error interpretation of color difference. Some rules, as the interpre-
tation of graphic arts applications, the evaluation of scanners and shift of printing with hybrid
halftone images, were proposed by Abrardo et al.([63]), Hardeberg et al.([4]) and Guoliang et
al.([64]). All gathered together are presented in the Table 13. The evaluation of quality and
acceptability is highly subjective and depends on the application.
Art Scaner Color Shift of Printing
Graphic Evaluation in Hybrid Halftone
∆E∗ab Subjective term ∆E
∗
ab Subjective term ∆E
∗
ab Subjective term
0-0.25 Tiny
0-1 Limit of perception 0.25-0.5 Small
0-3 Hardly perceptible 0.5-1 Small to medium
1-3 very good quality 1-2 Medium
3-6 Perceptible but acceptable 3-6 Good quality 2-4 Considerable
>4 Big
>6 Not acceptable >6 insufficient
Table 13: Color difference and subjective terms.
The spectral accuracy was specified by Root Mean Square Error (RMSE) and by complemen-
tary Goodness-of-fit Coefficient (cGFC) in order to keep similar scale where 0 corresponds to the
best fit. The cGFC is calculated as follows:
cGFC = 1−GFC = 1−
|
∑
j
Rm (λj)Re (λj) |√
|
∑
j
[Rm (λj)]2|
√
|
∑
j
[Re (λj)]2|
(3.3)
where,Rm(λj) is the measured original spectral data at the wavelength λj and Re(λj)is the
estimated spectral data at wavelength λj.
For all measured reflectance value is located between 0-100 % therefore, the scales of spectral
metrics has to be mentioned. The results are given in the following scale: RMSE 0-100 and sGFC
0-1, where 0 corresponds to the best performance in both cases.
Conversion From Nominal To Effective Area Coverage
The real surface ink coverages differ from the nominal ones, as explained in Section 2.3.2. Fig-
ure 32 presents simplified scheme for spectral prediction used in both EYNSN and ECYNSmodels.
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Each part is explained in following sections.
One of the first steps of the algorithms is the estimation of these real coverages, which is
done by minimizing the least square error between measured and predicted spectral reflectances.
The fitting process is the same for both EYNSN and ECYNS model but equations for prediction
Figure 32: Spectral prediction scheme.
of spectral reflectance are different. In EYNSN model spectral reflectance is estimated by us-
ing Eq.2.7. All Neugebauer primaries required in this approach are shown in Figure 3.33(a).
In case of ECYNS the spectral reflectance is predicted by colorant internal transmitances (see
Figure 3.33(b) ) required in Eq. 2.15.
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Figure 33: Neugebauer Primaries and internal transmittances used in prediction model.
In both methods calculation of the effective surface requires the spectral reflectance of patches
coming from the input algorithm data part from the calibration chart. The algorithm aims to find
the nearest mixture of CMYK coverage corresponding to input nominal value. In order to obtain
an accurate coverage the minimization function is applied. The optimization of this function finds
the effective ink surface coverages that best fit the given spectrum and its obtained by calculation
of the minimum difference between the measured spectrum and the predicted spectrum.
Dot Gain Estimation
Depending on whether the ink halftone is printed alone on paper or superimposed to one or more
additional inks, the amount of dot gain effect changes. Dot gain phenomena was introduced
earlier and regarding to Section 2.2.3 and we will only mention here that the mechanical dot
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gain can be computed as the difference between effective and nominal ink coverages for a given
ink combination. The dot gain curves were obtained for all ink superposition combinations.
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Figure 34: Dot gain (blue line) as a function of nominal surface coverage (red line).
It was expected that the dot gain for each case will have convex parabolic shape as in theory.
Results illustrated in Figure 34. We have found that any from all the dot gain curves show the
typical convex shape as expected. Some of them corresponding to ink combinations excluding
the K primary are remarkably flat. In almost all cases, variation of dot gain behaves in the same
way, it increases and decreases for large and small values of nominal coverage respectively. As a
requirement, all charts had to be printed without any attempt in color management. Therefore,
we can interpret the dot gain curves obtained in terms of a possible compensation correction
introduced by the printer software. Curves whose superposition condition includes solid black
have much different, unexpected shape. This could related with chemical structure of pigment-
based black (lighter than dye-based black ink) ink and its spectral properties. The biggest peaks
are obtained for CMYK dot gain, while for rest three curves, corresponding to dot gain of area
covered by all four ink, peak are much smaller. This is related with ink deposition order.
Ink Spreading Function
As mentioned before EYNSN and ECYNSN models were selected in this study. Both of them are
ink spreading models and relies on ink spreading curves (more information can be found in Sec-
tion 2.3.2). As the results for each eleven nominal coverage from the selected ramp the algorithm
calculates the same number of corresponding effective ink coverage. Interpolation between so-
obtained effective coverage yields the function mapping between nominal and effective surface
coverages of each ink for each ink superposition condition. All step required in this process are
shown in Figure 32.
In this study, linear interpolation was used for mapping function between nominal and effec-
tive surface coverages. The mapping functions are calculated for:
• the surface coverages of single ink halftones,
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• the surface coverage of single ink halftones superposed with one solid ink,
• the surface coverage of single ink halftones superposed with two solid ink,
• the surface coverage of single ink halftones superposed with three solid ink.
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Figure 35: Ink spreading functions for n=39.6 and enhanced ENYSN using linear interpolation for mapping.
Ink spreading functions for single ink for each ink superposition condition are illustrated in
Figure 35. The last letter in the title indicates single ink halftone used for effective coverage
estimation. In case of CKM example, M corresponds to the Magenta ink halftone superposed with
Cyan and Black solid inks. In practice it means that on this area 100% of Cyan and Black coverage
was printed and then applied on it a specified coverage of Magenta. The nominal ink surface
coverages determi e the position on the x-axis of the ink spreading curve. The corresponding
effective surface coverages etermine the position on the y-axis.
From the plots of the mapping functions (see Figure 35) it can be observed that nominal
and corresponding effective ink coverage is almost the same for majority of cases. Some ink
spreading functions are of linear behavior, especially the ink spreading curves whose superpo-
sition condition do not includes solid black, where the biggest changes occur for high nominal
coverage. This is probably connected with limit of ink which can be absorbed during penetration
within paper. The most unusual plots are presented in case of the surface coverage of single ink
halftones superposed with three solid ink. In addition, every combination with black ink produce
more anomalous plots. There are several reasons why mixture with black ink is more is problem-
atic. As mentioned before, a main reason is that usually pigment-based ink is used and absorbs
light mainly in the near infrared range, where other inks are dye-based and do absorb light in
the visible range. In case of three solid ink the ink coverage at one area is higher than 300% and
such thick layer is the reason why the results do not correspond to the expected behavior, even
though the general approach is believed to be correct.
Because of imperfections for a mixtures with black ink the fit correlation coefficient was
calculated for each plot (see title of each plot in Figure 35). Fit correlation coefficient and plots
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of ink spreading functions can be used for evaluation of their relevance in the accuracy of the
model prediction. The lowest coefficient is observed for CMYK superposition case.
The Algorithm Optimization
Both, EYNSN and ECYSN models, require optimization of a correction factor. In case of ENYSN
the best n-factor called Yule-Nielsen parameter has to be selected and in case of ECYSN algorithm
optimize the b parameter called Saunderson-correction factor. The optimization process is the
same for both model, thus further part refer to both of them. Parameters fitting requires nonlinear
optimization described in effective area coverage estimation part. To determine the optimum
parameter value for a set of data, firstly the effective area coverages have to be calculated. Then
prediction of all available patches (1485 patches) from the standard chart ECI2002r has to be
obtained. The optimization of n or b factor is done by using ECI2002r chart because of its uniform
color distribution which is useful for the printer accuracy evaluation (see Figure 3.19(b)).
The mean colorimetric and spectral accuracy are specified in units of ∆E∗94 ∆E
∗
00, for the
first, and in units of RMSE, for the spectral accuracy. All accuracy metrics are calculated for
each factor. In this study, algorithm uses only one value of parameter for effective area coverage
estimation for all colorants. A reasonable choice of Yule-Nielsen or Saunderson-correction factor
can be made by selecting the highest accuracy. Alternatively, value of correction parameter can be
chosen by simple iteration starting from 0 to 30 with interval 1. The minimum error can be well
represented by plotting an error metric against parameter’s value. If the minimum is not found
in this range the upper bound have to be increased. The n and b factors vary with different type
of substrate or set of ink used for printing.
Removing the ink spreading curves on solid black
In this study, more than one ink spreading curve per ink is used, thus many possible combination
of the effective ink coverages have to be computed (see Section 2.3.2). In the literature several
directives of the ink spreading model which specifies a different combination based on certain
assumptions are described ([64]).
Due to color accuracy improvement another approach was proposed ([25]) (see Section
2.3.2). If a specific ink spreading curve does not improve the accuracy of the spectral predic-
tion model, author discarded it. This directive specifies a different combination of ink spreading
curve concerning mentioned assumptions. From the shape of curves plotted in Table 35 and the
correlation coefficient results shown in the plot title and listed in Appendix B, in Table 24, it is
possible to assume that the ink spreading curves on solid black do not improve accuracy of the
model prediction. Therefore, a black directive (Eq. 5.2) for the ink spreading model was used for
model evaluation.
Invistigation of problematic samples
In order to obtain information of the most problematic mixtures and limitations of EYNSN the
following steps were performed.
The number of patches for which the color difference ∆E∗94 > 3 is higher in case of D65
illumination. In such case, the performance calculated for D65 illumination was used due to find
problematic mixtures of colorant. The measured and predicted reflectances from the ECI2002r
chart were plotted on the CIELAB diagram describing difference between them. Color arrows
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corresponds to the difference between selected parameters.
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Figure 36: Color difference between a*b* of measured and estimated reflectances represented at the CIELAB
diagram under D65 illumination.
This type of plots is quite useful in order to show the most complex or problematic patches
prediction model. It was found that yellow and green color combination is the main source of
error. As was presented in Table 10 containing deviation of the same patch at two different
papers, reflectance of each patch vary with its location. In case of yellow ink variation are the
highest. Blue primary is a result of Magenta and Cyan overprint , thus deviation of both has
influence.
The mixture between red and blue hue ,what result in Magenta, introduces additional er-
rors in model prediction but not so high are in other case. Another interesting finding could be
drawn by comparing color differences obtained presented in Figure 37. The patches with the
highest lightness are predicted properly, while less lighter samples produce a systematic error,
which decreases with the level of lightness. It might be concluded that the darker samples are
more similar to black patches then model predicts less lighter samples with better accuracy. This
findings might actually relate to the quality of model performance, thus other experiments were
conducted.
In the next step patches with black colorant where excluded. The performance was applied
to mixtures obtained by using CMY colorants only (817 patches).
The results of this experiment revealed that black colorant used for printing does not affect
negatively accuracy of this model. As mentioned before, black directive discards 12 ink spreading
curves including black colorant, therefore this results were expected.
Due to specify model accurateness in determining mixtures with black colorant 668 patches
of black ink combined with other colorants were used.
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Figure 37: Color difference between measured and estimated reflectances represented at the CIELAB dia-
gram under D65 illumination
D65 Mean Median Min Max Quantile95 Quantile5 >3
DeltaE94 2.07 1.99 0.06 5.63 3.91 0.39 175
DeltaE00 1.92 1.85 0.04 5.77 3.59 0.38 116
RMSE 2.03 2.03 0.08 5.34 3.85 0.41 129
cGFC 0.0019 0.0014 1.6e-06 0.0062 0.0048 7.0e-05
Table 14: EYNSN Performence for ECI2002r chart under D65 illumination, where patches with black col-
orant are discarded.
D65 Mean Median Min Max Quantile95 Quantile5 >3
DeltaE94 1.81 1.62 0.11 5.39 3.84 0.34 109
DeltaE00 1.78 1.69 0.08 5.09 3.64 0.36 92
RMSE 1.38 1.32 0.04 5.98 3.07 0.16 37
cGFC 0.0014 0.0012 2.7e-06 0.006 0.0036 4.3e-05
Table 15: Performence of EYSN for ECI2002r chart patches with black component only. Prediction under
D65 illuminant.
From the results of the trial it was found that color accuracy performance for mixtures with
black ink is comparable with results obtained for mixtures excluding black ink. Therefore, it is
assumed that black ink does not introduce additional error. A main finding here is that spectral
accuracy is high and RMSE is larger than 3 only for 5.5% of patches. It is very likely that among
these 5.5% are mainly samples with small amount of black.
3.3 Sample Generation
As soon as model is implemented and necessary spectral input is applied, we are capable to gen-
erate large set of sample data. The generated samples are within gamut of printer, therefore all
are realistic and printable. Moreover, spectral reflectance of any ink combination of interest can
be obtained fast and without any additional measurements. Therefore, we are able to generate
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samples corresponding to each application, where the same printer, the same ink and substrate
is used.
Figure 38: Scheme of set generation.
In this work, we focus on spectral reflectance estimation for four-ink printer used in print
quality inspection, thus generated samples cover whole gamut of printer. Initial step refers to the
CMYK sampling step size in reflectance modelling. Depending on its value we can generate set
of color samples related to CMYK coverage in range of 0-100%. In Table 16 dependency between
step of generated data and size of initial set is shown.
Step Size of Set
20 1295
10 14640
5 194480
Table 16: Size of the generated set of samples for different step sizes.
Such large sets of color samples might increase the computational time and the modelled
reflectances might be partially redundant, therefore in Section 3.4 the scheme of a novel training
set selection is proposed.
3.4 Novel Scheme For Training Set Design For Spectral Estimation
In this section experimental methods and a discussion of the optimization procedure used in
training set selection are described.
Error Metric
The CSCMA combined metric was used in optimization of the training set selection algorithm.
The CSCMA is an adapted version of the CSCM ([65]), where the integrated irradiance error is
substituded by the RMSE and scalable weight variables. Its formula is introduced as:
CSCM = Ln (1+ α (1−GFC)) + βCIE76+ γRMSE(%) (3.4)
where, α= 1000, β = 1 and γ = 100. Metric should approach zero for near-perfect matches
(in contrast to GFC, which tends to unity for perfect matches) and give approximately the same
weight to the GFC, CIELAB, and RMSE(%) metrics.
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K-means clustering
In this selection set proposal grouping the similar samples into clusters is done by K-means algo-
rithm. K-means methods follow an iterative process of minimizing a designed objective function
characterizing the cost of the result clusters, where the computation of the objec tive function
involves the computation of distances between data points and cluster centers. We have used the
matlab implementation, where the initial cluster centroid positions was fixed.
Pseudoinverse
The pseudoinverse algorithm was used for spectral reflectance estimation. This algorithm com-
putes a conversion matrix between camera responses and spectral data. The conversion matrix
is bult by using the training set reflectances and sensor responses. The recovered reflectances R^
are calculated as:
R^ = Rtrain × pinv(ρtrain)× ρtest (3.5)
where, the operator pinv(A) means the Moore-Penrose pseudoinverse matrix of A.
Training set selection method
The scheme for proposed trainig set selection method is shown in Figure 41.
Our training set selection of representative colors for spectral estimation in a multispectral
imaging system starts by clustering the whole set of samples (1). Samples are generated by
approach described in section 3.3, and clustering is applied on camera responses corresponding
to each modelled reflectance, by applying a k-means clustering algorithm. In order to obtain
camera responses corresponding to each modelled reflectance we have multiplied reflectances
with the spectral power distribution of LED illuminant and camera resposivity, both provided
from Chromasens company. In the result we obtained response of each channel (12 channels
corresponds to spectral reflectance).
Figure 39: Training set selection method scheme.
After first clustering reflectance with similar spectral properties are grouped in each cluster.
We first select one cluster and evaluate accuracy of reflectance estimation for ECI2002r standard
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chart by CSCMA combined metric. The algotithm used for spectral reflectance estimation was
the pseudoinverse method. Finally, reflectance estimation is evaluated for each cluster. Since our
initial set is composed by 14610 samples and each cluster consists of similar examples which are
likely belonging to the same category, the selection of the most representative reflectances has to
be applied for each cluster. We therefore take each cluster and by applying subclustering smaller
groups of reflectances coming from the same category can be obtained (2).
Next, selected subcluster is subtracted from the cluster corresponding to its category and
evaluation for resulting partial set is applied. Since, the reflectance estimation for both is done,
the CSCMA value for whole cluster and resulting partial set is compared (3). If the estimation
for resulting set gives worst results it means that reflectances within selected subcluster are
highly representative for this application, therefore reflectances from the selected subcluster are
selected for the training set (4).
3.4.1 Optimization
In proposed training set selection method 2 parameters of algorithm have to be optimized. The
number of cluster used in first step and then number of subclusters have to be properly selected
in order to obtain satisfactory results.
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Figure 40: Training set selection method scheme.
In the first part of optimization the number of subclusters is fixed while the number of clusters
changes. Afterwards, the final CSCMA error is calculated for each combination. This process
have to be repeated for several numbers of subclusters. In Figure 40 optimization of number of
clusters is presented. The color bar on the right part of figure corresponds to the CSCMA value.
The number of cluster which provides the best accuracy in all cases is related to the optimal
choice. We can see from Figure 2 that the optimal number of clusters is 16 for the first clustering
step.
Figure 41: Training set selection method optimization.
In the second step number of subclusters has to be optimized. We use in the first step 16
clusters, according to the results of the previous optimization. Then we try different number of
subclusters and evaluate the estimation results by the CSCMA metric.
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4 Results and discussion
Experiments related with printer characterization and training set selection have been conducted
and the results will be shown in different subsections for each experiment. All results were
obtained for both D65 and LED illumination. All results calculated for LED illuminant case are in
Appendix B.
Printing Model Optimization
The optimization of correction factors for both models was explained in Section 3.2.2. In case
of the print C, optimization was done for a range from 0 to 100 with interval 1. Once the place
of possible minimum was found, the optimization was repeated in the range closer to this place
with lower interval.
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Figure 42: .The optimization of n-factor for the C print.
In ECYNS model optimization of b-factor was proceed in the same way.
(a) The optimization in 0-15 range.
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Figure 43: .The optimization of b-factor for the C print.
For both models the minimum of optimization function is visible and the optimal factor can
be chosen. In case of EYNSN all metric have similar behavior, while for ECYSN method, metrics
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differ dependently on the b-factor value. This means that the selection of the optimal value can
be dependent on the particular error metric which must be minimized, thus if color accuracy is
of higher importance the parameter leading to the best performance for color metric should be
selected. In this study, the main goal of optimization is not specified and reasonable selection has
to include at the same time the best performance of both spectral and color metric. Therefore,
for future work the CSCMA combined accuracy metric could be used.
Ink Spreading Directive Selection
In this experiment we compared all ink spreading directives which were introduced in Sec-
tion 2.3.2. In the first step we have analized the performance for single, top, and top or below
directives, which are presented in Table 17. Then we compared them with the results obtained
for the black directive listed in Table 18. In all cases ECI2002r standard chart of print C was used
for evaluation of EYNSN model, where n-factor equals 39.6.
Single
D65 Mean Max Quantile95 >3
DeltaE94 1.94 5.51 3.78 222
DeltaE00 1.87 6.22 3.53 185
RMSE 1.92 5.65 3.99 305
cGFC 0.0022 0.012 0.0071
Top
D65 Mean Max Quantile95 >3
DeltaE94 1.88 5.52 3.72 224
DeltaE00 1.82 6.35 3.54 175
RMSE 1.86 5.73 4.01 298
cGFC 0.0022 0.0121 0.0076
Top or Below
D65 Mean Max Quantile95 >3
DeltaE94 1.99 8.05 3.91 297
DeltaE00 1.89 9.34 3.66 218
RMSE 1.70 5.82 3.53 155
cGFC 0.0016 0.0124 0.0045
Table 17: Performance of the single, top and top or below directive.
From the results of the this experiment was found that top directive has slightly better results
for both spectral and color accuracy than single directive.
D65 Mean Median Min Max Quantile95 Quantile5 >3
DeltaE94 1.95 1.83 0.06 5.62 3.89 0.37 284
DeltaE00 1.85 1.76 0.03 5.76 3.60 0.36 208
RMSE 1.74 1.64 0.04 5.98 3.61 0.23 166
cGFC 0.0017 0.0013 1.6e-06 0.0062 0.0045 6.4e-05
Table 18: EYNSN performance for ECI2002r chart under D65 illumination using black directive
The explanation can be fact the single directive does not take superposition conditions into
consideration. Comparing top or below with other two cases the performance for color accuracy
is worst but its spectral accuracy is improved. The ink that is already printed is not dry when the
next layer of ink is printed therefore, single and top directive is give worst results for spectral
accuracy. Ink spreading depend on solid inks printed on top or below of single ink halftones. As
commented earlier, some mapping functions have unexpected shape as is illustrated in Figure 35
and that has big influence on the final results. Comparing top or below with the EYSN model
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performance obtained for the black directive we can see better results for ∆E∗94 color accuracy
but the RMS error is lightly worst.
EYNSN and ECYSN model Performance
Due to interaction between paper and ink, factor such as ink penetration or paper absorp-
tion , printing model performance can vary depending on combination and printing technology.
Therefore, in this work the influence of paper optical properties and printing technology was in-
vestigated. Dependency between mentioned factors and selected model prediction can be seen in
Table 19 and 20 which show the final result for each printing technology and paper combination
listed in Table 2.
Evaluation of accuracy for both models was done by using ECI2002r standard chart for all
prints mentioned earlier in section 3.1.1. The optimization was performed for each type of print
by using black directive. The best results are obtained for prediction of C paper and printer
combination using EYNSN method, where inkjetprinting technology was used. The mean value
for color difference between 1485 predicted and measured color patches equals ∆E∗94=1.95. This
results are comparable with results presented in literature [66].
D65 EYNSN
Label n-factor MeanDeltaE94 Mean DeltaE00 Mean RMSE% Mean cGFC
A 4.4 3.16 3.02 1.86 0.0015
B 2.5 2.72 2.82 1.94 0.0019
C 39.6 1.95 1.86 1.74 0.0017
D 50 2.86 2.76 2.25 0.0022
E 50 4.7 4.42 3.42 0.0054
Table 19: Performance of EYNSN model for all prints under D65 illuminant.
In case of ECYSN method the performance for the sametype of print is worst but the depen-
dency between model performance and grammage of paper is similar. For both printing tech-
nologies accuracy decreases with increment of grammage. The n-factor significantly depends on
printing technology and the highest values are obtained for inkjet technology using heavy coated
paper. The Yule-Nielsen factor depends upon several factors: the halftone screens frequency, vari-
ations in dot density, and type of paper and its optical properties. From the obtained results we
can see that n-factor increases with the grammage of the substrate. The same trend is observed
for both printing technologies using EYNSN method. The scren frequency of print used in this
work is is uknown but the shape of the curve obtained in optimization proces has the same expo-
nential characteristic as for prints using high screen frequency [23], therefore we could assume
that this value is high. The optimal n-factor increases with screen factor increment, thus obtained
high n-values can be related with high halftone screen frequency and optical properties of paper.
In case of ECYSN the best results are obtained for electrophotographic technology, and the best
performance is obtained for uncoated paper with low grammage like in previous model. In this
case the best mean value for color difference equals ∆E∗94=3.68. As mentioned in Section 2.3.1,
first-principals models provides worse results than empirical models, thus our results for ECYSN
model providing lower performance for all types of prints, are reasonable. Optical properties of
paper and its final quality are of high importance. We can see that prints on coated paper pro-
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D65 ECYNS
Label b-factor MeanDeltaE94 Mean DeltaE00 Mean RMSE% Mean cGFC
A 0.55 4.12 4.01 2.88 0.0029
B 0.55 3.68 3.63 2.53 0.0024
C 0.5 4.64 4.55 3.63 0.0073
D 0.55 5.79 5.68 4.69 0.0092
E 0.5 5.84 5.61 4.45 0.0073
Table 20: Performance of ECYSN model for all prints under D65 illuminant.
vides worse performance than prints on uncoated paper, and this is specially visible for D and E
prints, where grammage for both substrate is almost the same.
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Figure 44: Histogram of the performance using EYNSN model
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Figure 45: Histogram of the performance using ECYSN model
The b-factor for all types of print is almost the same. Their is no strong connection between
range of Saundersen-correction factor and printing technology or type of the paper. The best
performance is achieved for B print where the electrophotographic printer with Plain Copy paper
was used. The D printer has the worst performance, and its performance is quite similar with
performance of second heavy-weighted coated paper. Therefore, it might be concluded that this
model does not characterize ink-jet printers with HWC paper well.
Due to better visual comparison of ECYNS and ECYNS model performance, error histogram of
color and spectral accuracy metrics was plotted. Comparing histograms a significant advantage
of EYNSN over other method can be observed.
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Improvement of predicted results
Presently used performance improvement is described in Section 4. The final results for
EYNSN model are shown in Table 21.
D65 Mean Median Min Max Quantile95 Quantile5 >3
DeltaE94 1.94 1.81312 0.09 5.45 3.89 0.39 271
DeltaE00 1.85 1.76 0.09 5.81 3.61 0.38 193
RMSE% 1.71 1.61 0.04 5.98 3.54 0.23 156
cGFC 0.0017 0.0013 2.77e-06 0.0063 0.0045 6.15e-05
Table 21: Performance of ENYSN for ECI2002r chart using averaged white, yellow and green primaries.
Prediction under D65 illuminant.
From the comparison with the previous results shown in Table 18 the verification of the
improvement can be done. The mean errors remain almost the same, whereas the number of
samples which reflectance estimation error is above 3 decreased for all metrics. In addition,
change in maximum value can be observed for the ∆E∗00 metric.
From the results of the previous trial it was found that specified ink mixtures can not be
estimated with high accuracy. The most problematic patches are presented in Figure 37. There
are several reasons why mentioned mixtures are difficult to estimate enough proper reflectance.
The general approach is believed to be correct. In section 3.1.2 main sources of error introduced
in those experiments were described. As mentioned earlier, the paper is not uniform, plus the
thickness of the ink layer is also not the same on each location, therefore the same white, yellow
and green solid colors from the Self-Designed chart were averaged and used as the primary
colors used in the algorithm. The reason of selection only those primaries can be explained seen
in results for paper uniformity in section 3.1.2 and in Figure 36. The correct selection for white
primary is the most significant whereas, it is used for color metrics calculation.
The important problem corresponds to the fluorescent brightening component used in paper
production. Our proposed method reduce impact of factors such as paper nonuniformity, ink
thickness heterogeneity and print stability mentioned in Section 3.1.2, but fluorescent emission
is still not included and have to be considered in the future work.
The best and the worst prediction
In this experiment we tried to specify the best and the worst prediction and according CMYK
values. Following Table represents CMYK values for the worst accuracy, where DeltaE00>5.
C M Y K C M Y K C M Y K C M Y K
0 10 10 0 0 30 20 0 0 20 20 0 0 20 10 0
Table 22: Performance of enhanced EYNSN for ECI2002r chart, where DeltaE00>5.
Four patches of combination between Magenta and Yellow colorant give the highest color
difference. After the way of investigation of problematic samples presented in Section 4 such
results were expected.
Figure 46 contains plots for two the best and the worst cases for enhanced EYNSN.
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(a) The best prediction performance.
(b) The worst prediction performance.
Figure 46: The best and the worst performance of reflectance prediction for enhanced ENYSN under D65
illuminant.
Beyond results with high accuracy are not only spectral reflectances with flat shape. The most
problematic cases are mixtures of Yellow and Magenta colorant with their low coverage area,
what result in bright patch. While coverage of ink is lower then fluorescent effect is more visible.
The biggest error occurs in the blue range, between 400 - 450 nm. Therefore, as commented in
Section the brightest samples are of the worst prediction because of the fluorescent brighteners
in the peper.
In order to characterize the problem related with the fluorescent brighteners the relation
between RMS error and area coverage for each colorant was plotted. The results can be seen in
Figure 47. In this experiment 3 different combinations of ink were used: single ink, mixture of 2
and 3 ink, and last mixture of all inks.
Figure 47: Fluorescence effect
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We can see that the highest RMS error is observed for Cyan ink, while the smalles RMSEerror
occurs for Yellow ink. The CMK curves are of similar shape, where the highest accuracy can is at
50 % of ink coverage. Whereas, yellow ink curve is of different shape and the worst prediction
is obtained for low values of area coverage. We can deduce that fluorescence has a big influence
at the model performance. The ink layers which contain of the middle values of area coverage
(40-60 %) do not block sufficiently emmited light. We can observe a shift in maximum values
of error, which moves to the lower area coverage with increment of the number of inks used for
final color. Problem of fluorescence component in paper is quite difficult to overcame but in the
literature improvement for ECYNS model is propsed [67].
Optimization of Set Selection
After implementation of the printing model we have generated a set of ink reflectances. Such
large amount of color samples will be used as a training set for learning machine algorithm
used for reflectance estimation. Because for some algorithms large amount of samples increases
computational time, therefore we propsed a novel training set selection described in Section 3.4.
The results for optimization of training set selection proposed method are shown in Figures 2
and 50.
Figure 48: Optimization of subclusters number.
Left part of Figure 50 shows that size of training set decreases with the number of subclusters,
and its function has an exponential characteristic. Right part of Figure 50 shows dependency be-
tween CSCMA error and number of subclustering. The CSCMA value seems to vary around a
certain value, which is always lower from the results obtained by using whole set. The opti-
mal subcluster number depends on the required size of training set. In order to make spectral
reflectance estimation faster the selected training set can be different for different applications.
Training Set Selection
The main objective was to reduce the number of samples in the training set, while keeping at
least the same level of error as for estimation using whole generated set. In this part, some rep-
resentative instances of initial training set selection methods were compared with our proposed
approach. We have implemented Kang Method [26], where the most representative examples
which are selected for the training set are samples which is the one closest to the cluster’s cen-
troid, and random selection. By our selection method the final training set was reduced to 369
57
Modelling of the full gamut of printer ink reflectances applied to the design of an enhanced training set selection scheme for spectral estimation
samples from the whole set of 14610 samples. Therefore, alternative selection methods had to
reduce the whole set (14610 sample) to the same number(369 samples), in order to facilitate
comparison of results.
Method Nr. of Samples CSCMA
Whole Set 14610 1.55
Kang Method 369 1.57
Random Selection 369 1.63
Our Selection Method 369 1.27
Table 23: Accuracy of estimation for the pseudoinverse method
Results obtained by proposed and alternative approaches are listed in Table 23. We can see
that our proposed method is effective and provides better results than alternative approaches.
Based on results of reflectance estimation by using whole set of generated samples we can see
that modelled reflectance are partially redundant and proper selection is relevant and depends
on used application.
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Figure 49: Training set comparison
In Figure 50 we can see how generated samples were clustered. The main factors, which are
taken into account in the clustering process is the intensity and hue. Next Figure 51 show the
final selected samples which are classified to the trainign se selection.
Figure 50: Clustered reflectances - Lab space
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We see that the highest number of selected samples corresponds to the darks colors. It can
be related with fact that ECI200r chart has less bright samples and training set was selected in
order to estimate dark samples more accurately. The number of samples was reduced from 14610
Figure 51: Selected trainign set - Lab space
into 369 samples which is just 2.5% of whole generated set, and the final spectral estimation is
better, therefore our objective is fulfilled. We have to remember that we were training algorithm
and then estimating reflectances for the same ECI2002r chart, therefore we do not ensure the
generality of the result.
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5 Conclusions and future work
After introducing the importance of machine learning method and properly selected training
data for spectral estimation reconstruction in a multispectral imaging system, we have proposed
the way for generation of a large number of realistic samples contained within printer gamut
of four-ink printer. This approach is always limited to one paper-ink-printer instance. Due to
this proposal, spectral property of ink combination of our interest can be obtained speedily and
without the need of a large number of measurements.
Main sources of error in model performance were identified and then experiments of the im-
pact of these sources of error in the model accuracy were conducted. Moreover, we were able
to obtain some improvement in the final model performance from the analysis of these different
sources of error. Suggested improvement reduce impact of factors such as paper nonuniformity,
ink thickness heterogeneity and print stability but this part have to be investigated more thor-
oughly. In future work, Self-Designed chart could be modified in order to measure print stability
for all colorants. Other possible improvement in the final model performance could by done by
printing several identical charts and averaging them. In such way influence of all sources of error
should be reduced. Both approaches should be compared. Our improvement in the final model
performance averages selected colorants while averaging several charts influence all colorants.
Important problem corresponding to the fluorescent brightening component used in paper
production was not considered, therefore in future work influence of fluorescent whitening
agents have to be included. There is allready an improvement for Enhanced Clapper-Yule Spectral
Neugebauer model to reduce effect of fluorescent component of paper. In future work some fit-
ting parameter reducing influence of fluorescent effect could be proposed. The maximum peak of
error is related with amount of ink covering the paper, therefore this issue has to be studied more
thoroughly. Next, future work connected to the fluorescent effect could be related with measure-
ment geometry and with type of instrument. Several combinations could be tested in order to
find the best results. Additionally, measurement should include trial with the cut-off filter. Our
additional measurements with the use spectrophotometer with the cut-off filter have shown that
the shape of spectral reflectance dramatically changes not only in fluorescence emission range
but effects whole part. Therefore, proper filter selection should be investigated in the future. The
best results for certain combination of paper and ink are obtained for Enhanced Yule-Nielsen
Spectral Neugebauer model. In case of Enhanced Clapper-Yule Spectral Neugebauer model the
best results were obtained for electrophotographic printing technology. The results can be ex-
plained by difference in principle of each technology and used elements. Electrophotographic
toner has a different chemical and optical properties than ink based methods, therefore both
models should work better in case of ink-jet and off-set technology.
For both printing models the best performance was achieved by using uncoated paper with
low grammage, therefore future improvement of the printing model could include the intro-
duction of parameters related with influence of coating. In addition, a method for reducing the
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number of samples in the training set, while improving accuracy of reflectance estimation was
suggested. The training set selected by our proposed approach reaches better results than alter-
native methods, but in future work other more complex and recent methods could be compared.
In future work, reflectance estimation should be performed for noisy camera responses in order
to see how it behaves in realistic conditions. In addition, reflectance should be estimated by dif-
ferent machine learnin methods and the final estimation accuracy should be compared. Different
methods behave in a different way on such a large amount of data, therefore this should be in-
vestigated. Next future work can be connected with implementing k-fold algorithm into propsed
approach in order to ensure the generality of the result. The presented results are only a first
step towards the generation and selection of realistic samples used in spectral estimation recon-
struction in a multispectral imaging system. There are several ways of extending this research
which were mentioned in this work.
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Appendix
Appendix A: Ink Spreading Directives
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Ink spreading of an ink halftone printed on top or below other ink layers with removed urves on
solid blak ink
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Appendix B: Printer Characterization
C: 0.9971 MC: 0.9984 YC: 0.9989 MYC: 0.9979
KC: 0.9980 MKC: 0.9972 YKC: 0.9985 MYKC: 0.9942
M: 0.9974 CM: 0.9976 YM: 0.9988 CYM: 0.9983
KM: 0.9944 CKM: 0.9828 YKM: 0.9884 CYKM: 0.9223
Y: 0.9969 CY: 0.9986 MY: 0.9980 CMY: 0.9981
KY: 0.9981 CKY: 0.9961 MKY: 0.9877 CMKY: 0.9701
K: 0.9967 CK: 0.9979 MK: 0.9983 CMK: 0.9978
YK: 0.9984 CYK: 0.9983 MYK: 0.9985 CMYK: 0.6511
Table 24: The correlation coefficient of ink spreading functions.
Appendix C: Model Performance Results for LED illuminant
LED Enhanced EYNSN
Label n-factor MeanDeltaE94 Mean DeltaE00 Mean RMSE Mean cGFC
A 4.4 2.93 2.81 2.18 0.0024
B 2.5 2.26 1.94 1.94 0.0019
C 39.6 1.73 1.66 1.74 0.0017
D 50 2.32 2.18 2.10 0.0016
E 50 4.25 3.98 3.42 0.0054
Table 25: Performance of EYNSN Model for all prints - LED illuminant.
LED Enhanced ECYNS
Label b-factor MeanDeltaE94 Mean DeltaE00 Mean RMSE Mean cGFC
A 0.55 4.31 4.14 2.88 0.0029
B 0.55 3.74 3.63 2.53 0.0024
C 0.5 4.19 4.06 3.63 0.0073
D 0.55 5.50 5.24 4.69 0.0092
E 0.5 5.27 5.04 4.45 0.0073
Table 26: Performance of ECYSN model for all under LED illuminant.
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LED Mean Median Min Max Quantile95 Quantile5 >3
DeltaE94 1.73 1.57 0.04 5.23 3.56 0.33 208
DeltaE00 1.66 1.51 0.04 4.72 3.48 0.31 187
RMSE 1.74 1.64 0.04 5.98 3.62 0.23 166
cGFC 0.0017 0.0013 1.6e-06 0.0062 0.0045 6.4e-05
Table 27: Performance of enhanced EYNSN for C print under LED illumination.
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Modelling of the full gamut of printer ink
reflectances applied to the design of an enhanced
training set selection scheme for spectral estimation
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Abstract—The spectral estimation approaches based on
machine learning require the usage of a training set. The
use of standard charts containing a fixed number of color
samples is the most widely used method of obtaining sam-
ples for training set. Depending on application and selected
machine learning method, spectral reflectances of used sam-
ples and size of the training data varies. The proper choice
of the standard chart and number of samples to include in
training set is known to affect the final reflectance estima-
tion performance. In this paper, a novel idea for generation
a large number of samples used for training set achieved
by using available methods for modelling realistic ink re-
flectance is presented. Next, a novel training set selection
based on k-means clustering which allows to reduce com-
putational time and improves reflectance estimation per-
formance is proposed. The effectiveness of the proposed
method is confirmed by experimental results.
Index Terms—Printer Modelling, Reflectance Estimation,
Training Set Selection, Print Inspection.
I. Introduction
SPECTRAL estimation based on multispectral imaginghas become a field of much interest and practical im-
portance in recent years. The acquisition of spectral in-
formation of an object under a given illuminant is cap-
tured through the all of sensor responses ([1]). The spec-
tral reflectance can be accurately estimated by mapping
sensor’s responses into spectral reflectance space by in-
corporating training data. Dependently on the selected
machine learning method the size of training set is of dif-
ferent importance. Considering that for some algorithms
workload is heavy and requires large computational time,
because of that smaller number of training samples are de-
sired ([2]). On the other hand, some applications require
a larger training set in order to obtain accurate results.
Among the methods used for spectral reflectance esti-
mation, the pseudoinverse is one of the most popular, and
because of its simplicity, and easy implementation could
be appropriate solution for in-line applications [3], [4]. The
spectral estimation can be computed by using the training
camera responses and training reflectances coming from
the standard color charts.
According to the literature the optimum training data
can be selected from the set of all color samples on stan-
dard and custom-made charts ([2]). Commonly used
charts are the GretagMacbeth ColorChecker, the Gretag-
Macbeth ColorChecker DC, and the European Color Ini-
tiative charts ([5]). The number and spectral properties of
color patches are different for each standard chart. In ad-
dition, the selection of the optimal type of standard chart
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requires measuring all patches, which is time consuming.
Another source of training reflectances used for spectral es-
timation it can be found in the literature ([6]),([7]), where
set of Munsell chips containing 1269 surfaces is used. In
both cases the number of total set is limited and both ap-
plications were designed for other purpose than the spec-
tral reflectance estimation task, thus this motivated us to
propose our approach. By using printer characterization a
large amount of samples can be modelled, where each sam-
ple corresponds to one printable, therefore realistic color.
The objective of this work is to generate set of realistic
samples used in improving the color quality and produc-
tivity of printing, where the spectral estimation is a tool
used in print inspection. Such large amount of color sam-
ples might make reconstruction slower, and the modelled
reflectances might be partially redundant, therefore in this
paper the scheme of a novel training set selection is pro-
posed. In practical applications, it is important to use a
limited number of the most representative samples used in
estimation of spectral reflectance ([2]).
In the vast optimal color selection literature, the only
article in which we found mention of the optimal selection
of representative colors for spectral reflectance reconstruc-
tion in a multispectral imaging system was one by Shen,
et al ([2]), in which they are proposing the selection of rep-
resentative color samples by minimizing the spectral RMS
errors of the whole color set (the 198 CDC colors, the 1296
Munsell charts, and the 24 MCC colors). Selecting optimal
colors is more prevalent in the spectral sensitivity estima-
tion, and according to the literature ([3],[5],[8]) few other
proposal of initial training set selection were discussed.
We propose a solution for optimal selection of repre-
sentative colors for spectral reflectance reconstruction for
the purpose of enhancing the performance and decreas-
ing an algorithms computational time. In order to avoid
laborious measurements and the optimal chart selection,
the large sample set of colors within printer gamut can
be generated. Many attempts are being made in order
to build printing model which predicts the spectral prop-
erties of printed halftone color. The recent models take
into account the phenomena determining interaction be-
tween paper, light and halftone print([9],[10]). This mod-
elling allows prediction of all spectral reflectances of colors
that can be produced by printer. Therefore, the Enhanced
Yule-Nielsen (EYNSN) and Clapper-Yule modified spec-
tral Neugebauer (ECYSN) printing characterization mod-
els were selected and implemented for prediction of four-ink
printers characterization [([10]),([11])]. Obtained large set
is firstly divided into clusters by k-means algorithm, where
each cluster consists of similar samples. In further step
each cluster is subclustered and the best candidates for a
representative reflectances are selected. Performance for
training set obtained by proposed method, is better than
for other alternative methods. This paper is divided into
section II, where the methods used in this study are de-
scribed and section III, where the main experiments and
obtained results are discussed. Finally we present some
conclusions in section IV.
II. Methods
A. Spectral characterization of a four-ink printer
The spectral prediction model is a proposed tool for gen-
erating a large set of reflectance samples. According to
the literature ([9]), regression-based models are commonly
used in a practice. Physical models, called first-principals
models, are not so often chosen, because of their complex-
ity and theirs worse performance, comparing to empirical
models ([9]). In this work, we use one recent representative
of each category of models: the enhanced Yule-Nielsen and
Clapper-Yule modified spectral Neugebauer [([10]),([11])].
Both models were compared for the usage of sample gen-
eration for training set selection. For the Enhanced Yule-
Nielsen modified Spectral Neugebauer model reflectance is
obtained by following equation:
R (λ) =
(∑
ı
ai × Ri (λ)
1
n
)n
(1)
where, R(λ), Ri(λ), ai, i and n are estimated reflectance,
reflection spectra of colorant, effective surface coverage
of colorant i, number of colorant and Yule-Nielsen factor
respectively. The number of colorants, i, equals 2N , where
N is the number of inks, thus i=16.
In case of Enhanced Clapper-Yule modified Spectral
Neugebauer model the equation for obtaining the spectral
reflectance of a given ink combination is as follows:
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where, K, rs, rg, ri, t, and b are specular component,
specular reflection, substrate reflectance, reflection fac-
tor, effective transmittance of colorant and Saunderson-
correction factor, respectively.
A.1 Input Chart Design
Each model needs to use the measured reflectances of a
restricted set of samples to obtain the modeled reflectances
for a given combination, therefore we designed a chart con-
taining all the necessary patches. Both models are using
the same spectral input, and that was one of the reasons
why these models were selected. In all cases, fitting ef-
fective area coverages requires several levels in each sep-
aration ramp and final reflectance modelling requires all
the 16 Neugebauer primaries resulting from all overlays.
In this work, each separation ramp contains 11 patches,
where first patch corresponds to the 0% and last to the 100
% of theoretical dot area. In addition, Self-Designed chart
has patches used for printing stability measurements and
for general model evaluation. The model evaluation part
cannot cover the whole gamut with the available space you
have in this chart for the evaluation patches but that you
will use a better selection in later steps for evaluation of
the model performance. Beacuse of limited available space
in Self-Designed chart model evaluation part is rather of
a small set of samples, thus this prt does not cover the
whole gamut. In this work we use a better selection in
later steps for evaluation of the model performance. Fur-
thermore, the performance of each printing model should
be evaluated with different data than those used for model
creation. Additionally, color distribution should cover uni-
formly whole gamut of printer in order to test all possi-
ble mixtures of colorants. For that reason in further part
the standard ECI2002r chart, which is commonly used for
color proofing in printing industry was used for the model
evaluation [12].
Label Technology Paper type
A Electrophotographic Copy Paper Mondi
B Electrophotographic Plain Copy Paper
C Ink-Jet Red Label Paper
D Ink-Jet HWC Paper HP C6569C
E Ink-Jet HWC Paper HP C6030C
Label Grammage g/m2 Brightness Coating
A 160 110 ± 1,5 -
B unknown unknown -
C 75/80 88 ± 1 -
D 130 90 ± 1,5 +
E 131 89 +
TABLE I
List of printers and properties of papers used for printing.
The Self-Design and ECI2002r charts were printer by
using two different printing technologies on different type
of substrate. Printing technologies and substrates used for
printing are listed in Table I.
A.2 Model Accuracy
The colorimetric accuracy was specified by the CIE94
and CIEDE2000 color difference equation for standard il-
luminant D65 and 1931 standard observer. The spec-
tral accuracy was specified by Root Mean Square Error
(RMSE) and a complement of the Goodness-of-fit Coeffi-
cient (cGFC). The results are given as following: RMSE
in precentage and cGFC 0-1, where 0 corresponds to the
best performance in both cases.
A.3 Model Optimization
In both, EYNSN and ECYSN models, optimization of a
correction factor is required. In case of ENYSN the best
n-factor called Yule-Nielsen parameter has to be selected
and in case of ECYSN model, optimization of the b param-
eter called Saunderson-correction factor is done. The opti-
mization process is the same for both models, and correctly
selected parameter allows to proper estimation of effective
area coverage, hence corresponding dot gain and spread-
ing functions can be calculated what in the final provides
the most accurate results. Parameter was fitted in ex-
hausted optimization, thus to determine optimal value for
a set of data, firstly the effective area coverages have to be
calculated. Then prediction of all available patches (1485
patches) from the standard chart ECI2002r has to be ob-
tained. A reasonable choice of Yule-Nielsen or Saunderson-
correction factor values can be made by selecting the ones
corresponding to the highest accuracy. The optimization
was performed for each type of print by using black di-
rective (using ink spreading functions without mixtures of
black colorant). The results for optimization are summa-
rized in the tables (Table IV and Table V), where each
table corresponds to a given method under D65 illumina-
tion.
A.4 Target Accuracy
In printing process, the final print quality is linked to
factors such as paper nonuniform structure, ink thickness
heterogeneity and print stability. In order to verify differ-
ences between the output prints, its printed surface should
be measured. Therefore spectral measurements of paper
uniformity, ink thickness heterogeneity and printing stabil-
ity where conducted by the contact type spectrophotome-
ter Minolta CM-2022. The Minolta CM-2022 is portable
and compact for surface measurements and colorimetric
parameters of the visible reflectance spectrum (between
400-700 nm) with measuring a diameter of 4 mm. At the
beginning each of mentioned factor is unknown and most of
them are beyond control. Moreover each factor has impact
on the final model performance therefore, target accuracy
estimation is of high importance. All factors have to be
contained into the final target accuracy, thus results from
the experiment for printing stability were used for the final
calculation. Results are presented in Table II.
∆E∗
94
∆E∗
00
RMSE% D65 LED D65 LED
0.48 0.37 0.32 0.35 0.32
TABLE II
Target accuracy.
The target accuracy shown in Table II is defined for C
print. In order to evaluate target accuracy for other print
the same steps have to be done.
A.5 Investigation of Problematic Samples
In case of some specified ink mixtures the printing model
cannot predict their reflectance with high accuracy. The
main sources of error (paper non uniform, ink thickness
variation) were described in section A.4. This is connected
with printing stability problem, where differences between
the same colors printed at different locations in the paper
are higher. In order to minimize influence of mentioned is-
sues firstly the most problematic mixtures were identified.
The prediction of all color patches (1485) and correspond-
ing error was plotted (see Figure 1). The size and direction
of the blue arrows on Quiver plot corresponds to the pre-
diction error. Afterwards the most problematic samples
were located and we try to improve the results obtained
by reducing the impact of errors coming from all factors
described in Section A.4.
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Fig. 1. Color difference between measured and estimated reflectances
represented at the CIELAB diagram.
All 16 Neugebauer primaries are printed several times
at different locations of the of Self-Designed chart. As a
consequence, better results are obtained by averaging the
Neugebauer primaries corresponding to the lowest predic-
tion accuracy. For C print and EYNSN printing model, the
improvement of results was achieved by averaging white,
yellow and green colorants used as the primary colors in
the model. The performance of the model prediction after
this improvement is is shown in Table VI.
A.6 Sample Set Generation
As soon as model is implemented and necessary spec-
tral input is applied, we are capable to generate large set
of sample data. The generated samples are within gamut
of printer, therefore all are realistic and printable. More-
over, spectral reflectance of any ink combination of interest
can be obtained fast and without any additional measure-
ments. Therefore, we are able to generate samples corre-
sponding to each application, where the same printer, the
same ink and substrate is used. In this work, we focus
on spectral reflectance estimation for four-ink printer used
in print quality inspection, thus generated samples cover
whole gamut of printer. Initial step refers to the CMYK
sampling step size in reflectance modelling. Depending on
its value we can generate set of color samples related to
CMYK coverage in range of 0-100%. In Table III depen-
dency between step of generated data and size of initial set
is shown.
Step Size of Set
20 1295
10 14640
5 194480
TABLE III
Size of the generated set of samples for different step
sizes.
Such large sets of color samples might increase the com-
putational time and the modelled reflectances might be
partially redundant, therefore in Section B the scheme of
a novel training set selection is proposed.
B. Training Set Selection
Our training set selection of representative colors for
spectral estimation in a multispectral imaging system
starts by clustering the whole set of samples. Samples
are generated by approach described in section A, and
clustering is applied on camera responses corresponding to
each modelled reflectance, by applying a k-means cluster-
ing algorithm. After first clustering reflectance with simi-
lar spectral properties are grouped in each cluster. We first
select one cluster and evaluate accuracy of reflectance esti-
mation for ECI2002r standard chart by CSCMA combined
metric. The CSCMA is an adapted version of the CSCM
combined colorimetric and spectral metric [13], where the
integrated irradiance error is substituded by the RMSE.
The algotithm used for spectral reflectance estimation was
pseudoinverse method. Finally, reflectance estimation is
evaluated for each cluster. Since our initial set is composed
by 14610 samples and each cluster consists of similar ex-
amples which are likely belonging to the same category, the
selection of the most representative reflectances has to be
applied for each cluster. We therefore take each cluster and
by applying subclustering smaller groups of reflectances
coming from the same category can be obtained.
Next, selected subcluster is subtracted from the cluster
corresponding to its category and evaluation for resulting
partial set is applied. Since, the reflectance estimation for
both is done, the CSCMA value for whole cluster and re-
sulting partial set is compared. If the estimation for result-
ing set gives worst results it means that reflectances within
selected subcluster are highly representative for this appli-
cation, therefore reflectances from the selected subcluster
are selected for the training set.
We have also implemented Kang Method [8], where the
most representative examples which are selected for the
training set are samples which is the one closest to the
cluster’s centroid, and random selection. By our selection
method the final training set was reduced to 369 samples
from the whole set of 14610 samples. Therefore, alterna-
tive selection methods had to reduce the whole set (14610
sample) to the same number(369 samples), in order to fa-
cilitate comparison of results.
B.1 Optimization
In proposed training set selection method 2 parameters
of algorithm have to be optimized. The number of cluster
used in first step and then number of subclusters have to
be properly selected in order to obtain satisfactory results.
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Fig. 2. Training set selection method optimization.
In the first part of optimization the number of subclus-
ters is fixed while the number of clusters changes. After-
wards, the final CSCMA error is calculated for each combi-
nation. This process have to be repeated for several num-
bers of subclusters. In Figure 2 optimization of number of
clusters is presented. The color bar on the right part of
figure corresponds to the CSCMA value. The number of
cluster which provides the best accuracy in all cases is re-
lated to the optimal choice. We can see from Figure 2 that
the optimal number of clusters is 16 for the first clustering
step.
In the second step number of subclusters has to be opti-
mized. We use in the first step 16 clusters, according to the
results of the previous optimization. Then we try different
number of subclusters and evaluate the estimation results
by the CSCMA metric.
III. Results
Experiments related with printer characterization and
training set selection have been conducted and the results
will be shown in different subsections for each experiment.
A. Printing Model Performance and Optimization
The optimization of correction factors for both models
was explained in Section A.3. Tables IV and V show the
final result for each printing technology and paper combi-
nation listed in Table I. For both models the minimum
of optimization function is visible and the optimal factor
can be chosen. In case of EYNSN all metric have similar
behavior, while for ECYSN method, metrics differ depen-
dently on the b-factor value. This means that the selection
of the optimal value can be dependent on the particular
error metric which must be minimized, thus if color accu-
racy is of higher importance the parameter leading to the
best performance for color metric should be selected. In
this study, the main goal of optimization is not specified
and reasonable selection has to include at the same time
the best performance of both spectral and color metric.
Therefore, for future work the CSCMA combined accuracy
metric could be used.
D65 Enhanced EYNSN
Label n-factor Mean∆E∗
94
MeanRMSE%
A 4.4 3.16 1.86
B 2.5 2.72 1.94
C 39.6 1.95 1.74
D 50 2.86 2.25
E 50 4.7 3.42
TABLE IV
Performance of all prints using EYNSN for D65 illuminant.
D65 ECYNS
Label b-factor Mean∆E∗
94
MeanRMSE%
A 0.55 4.12 2.88
B 0.55 3.68 2.53
C 0.5 4.64 3.63
D 0.55 5.79 4.69
E 0.5 5.84 4.45
TABLE V
Performance of all prints using ECYNS for D65 illuminant.
Due to interaction between paper and ink, such as ink
penetration or paper absorption , printing model perfor-
mance can vary depending on combination and printing
technology. Therefore, in this work the influence of pa-
per optical properties and printing technology was inves-
tigated. Dependency between mentioned factors and se-
lected model prediction can be seen in Tables IV and
V. The best results are obtained for prediction of C pa-
per and printer combination using EYNSN method, where
inkjetprinting technology was used. The mean value for
color difference between 1485 predicted and measured color
patches equals ∆E∗94=1.95. This results are comparable
with results presented in literature [11]. In case of ECYSN
method the performance for the sametype of print is worst
but the dependency between model performance and gram-
mage of paper is similar. For both printing technologies
accuracy decreases with increment of grammage. The n-
factor significantly depends on printing technology and
the highest values are obtained for inkjet technology us-
ing heavy coated paper. The Yule-Nielsen factor depends
upon several factors: the halftone screens frequency, vari-
ations in dot density, and type of paper and its optical
properties. From the obtained results we can see that n-
factor increases with the grammage of the substrate. The
same trend is observed for both printing technologies using
EYNSN method. The scren frequency of print used in this
work is is uknown but the shape of the curve obtained in
optimization proces has the same exponential character-
istic as for prints using high screen frequency [10], there-
fore we could assume that this value is high. The opti-
mal n-factor increases with screen factor increment, thus
obtained high n-values can be related with high halftone
screen frequency and optical properties of paper. In case
of ECYSN the best results are obtained for electrophoto-
graphic technology, and the best performance is obtained
for uncoated paper with low grammage like in previous
model. In this case the best mean value for color dif-
ference equals ∆E∗
94
=3.68. As mentioned in Section A,
first-principals models provides worse results than empir-
ical models, thus our results for ECYSN model providing
lower performance for all types of prints, are reasonable.
Optical properties of paper and its final quality are of high
importance. From the results in Section A.3 we can see
that prints on coated paper provides worse performance
than prints on uncoated paper, and this is specially visible
for D and E prints, where grammage for both substrate is
almost the same.
B. Model Performance
Presently used performance improvement is described in
Section A.5. The final results for EYNSN model are shown
in Table VI. From the comparison with the quality evalua-
tion results for the modelled reflectances corresponding to
EYNSN and the C combination of printer and paper with-
out improving shown in Table VII the verification of the
improvement can be done. The mean errors remain almost
the same, whereas the number of samples which reflectance
estimation error is above 3 decreased for all metrics. In ad-
dition, change in maximum value can be observed for the
∆E∗00 metric. The next important problem corresponds to
the fluorescent brightening component used in paper pro-
duction. Our proposed method reduce impact of factors
such as paper nonuniformity, ink thickness heterogeneity
and print stability mentioned in Section A.4, but fluores-
cent emission is still not included and have to be considered
in the future work.
D65 Mean Max >3/1485
∆E∗
94
1.94 5.45 271
∆E∗
00
1.85 5.81 193
RMSE% 1.71 5.98 156 >3%
cGFC 0.0017 0.0063
TABLE VI
Performance of ENYSN for ECI2002r chart using averaged
white, yellow and green primaries. Prediction under D65
illuminant.
D65 Mean Max >3/1485
∆E∗
94
1.95 5.62 284
∆E∗
00
1.85 5.76 208
RMSE% 1.74 5.98 166>3%
cGFC 0.0017 0.0062
TABLE VII
Performance of EYNSN for C print under D65 illumination.
C. Optimization of Set Selection
After implementation of the printing model we gener-
ated a set of ink reflectances. Such large amount of color
samples will be used as a training set for learning machine
algorithm used for reflectance estimation.
Fig. 3. Optimization of subclusters number.
Because for some algorithms large amount of samples in-
creases computational time, therefore we propsed a novel
training set selection described in Section B. The results
for optimization of training set selection proposed method
are shown in Figures 2 and 3. Left part of Figure 3 shows
that size of training set decreases with the number of sub-
clusters, and its function has an exponential characteris-
tic. Right part of Figure 3 shows dependency between
CSCMA error and number of subclustering. The CSCMA
value seems to vary around a certain value, which is al-
ways lower from the results obtained by using whole set.
The optimal subcluster number depends on the required
size of training set. In order to make spectral reflectance
estimation faster the selected training set can be different
for different applications.
D. Training Set Selection
The main objective was to reduce the number of samples
in the training set, while keeping at least the same level
of error as for estimation using whole generated set. In
this part, some representative instances of initial training
set selection methods were compared with our proposed
approach. Results obtained by proposed and alternative
approaches are listed in Table VIII.
Method Nr. of Samples CSCMA
Whole Set 14610 1.55
Kang Method 369 1.57
Random Selection 369 1.63
Our Selection Method 369 1.27
TABLE VIII
Accuracy of estimation for the pseudoinverse method
Our proposed method is really effective and provides
better results than alternative approaches. Based on re-
sults of reflectance estimation by using whole set of gen-
erated samples we can see that modelled reflectance are
partially redundant and proper selection is relevant and
depends on used application. The number of samples was
reduced from 14610 into 369 samples which is just 2.5%
of whole generated set, and the final spectral estimation
reconstruction is better, therefore our objective is fulfilled.
IV. Conclusions
After introducing the importance of machine learning
method and properly selected training data for spectral
estimation reconstruction in a multispectral imaging sys-
tem, we have proposed the way for generation of a large
number of realistic samples contained within printer gamut
of four-ink printer. This approach is always limited to one
paper-ink-printer instance. Due to this proposal, spectral
property of ink combination of our interest can be obtained
speedily and without the need of a large number of mea-
surements.
Main sources of error in model performance were identi-
fied and then experiments of the impact of these sources of
error in the model accuracy were conducted. Moreover, we
were able to obtain some improvement in the final model
performance from the analysis of these different sources
of error. Suggested improvement reduce impact of factors
such as paper nonuniformity, ink thickness heterogeneity
and print stability but this part have to be investigated
more thoroughly. Important problem corresponding to the
fluorescent brightening component used in paper produc-
tion was not considered, therefore in future work influence
of fluorescent whitening agents have to be included. The
best results for certain combination of paper and ink are
obtained for Enhanced Yule-Nielsen Spectral Neugebauer
model. In case of Enhanced Clapper-Yule Spectral Neuge-
bauer model the best results were obtained for electropho-
tographic printing technology.
For both printing models the best performance was
achieved by using uncoated paper with low grammage,
therefore future improvement of the printing model could
include the introduction of parameters related with influ-
ence of coating. In addition, a method for reducing the
number of samples in the training set, while improving ac-
curacy of reflectance estimation was suggested. The train-
ing set selected by our proposed approach reaches better
results than alternative methods, but in future work other
more complex and recent methods could be compared. The
presented results are only a first step towards the genera-
tion and selection of realistic samples used in spectral esti-
mation reconstruction in a multispectral imaging system.
There are several ways of extending this research which
were mentioned in this work.
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